

















A thesis submitted for the degree of Doctor of Philosophy at 
The University of Queensland in 2014 




Next generation sequencing (NGS) technologies have seen successful applications in ecology 
and evolutionary biology. The ever expanded applications of NGS to non-model organisms in the 
wild populations make it possible to address important ecological and evolutionary questions at 
larger and more precise scales.  These questions vary from deciphering the genetic basis of traits 
underlying rapid ecological adaptation and speciation to identifying the genome wide differentiation 
patterns of populations at different divergence stages. The later question can only be answered 
when the whole genome of the species is available. The Australian groundsel, i.e., Senecio lautus is 
a good system to study ecological speciation. This species complex consists of multiple ecotypes 
adapting to different environments, among which the Dune and Headland ecotypes occur 
proximately to each other in several coastal localities of Australia, displaying very contrasting 
morphologies despite being interfertile. Phylogenetic analyses supported independent origination of 
each Dune and Headland pairs and ecological studies have correlated phenotypic difference with 
environmental adaptation. Here I used methylation filtration to develop gene space and 
transcriptome sequencing (RNAseq) to construct reference transcriptome for this species. I explored 
multiple strategies to optimize the final results in terms of assembly completeness, accuracy and 
contiguity. For gene space sequence assembly, I found hybridizing results from different assemblers 
used for assembling specific data type is better than combining results from hybrid assemblers (i.e., 
assemblers assembling all types of data at once). In the case of transcriptome assembly, I found the 
multiple spectrum assembly strategy (i.e., multiple assembly parameters and multiple assemblers) 
reconstructed more genes, but introduced more redundancy, complicating downstream analyses 
such as gene family reconstruction, phylogenetic and population genetics analyses. I also found that 
redundancy reduction based on expression level is better than the other methods. I used gene space 
assembly as reference sequences to detect the genome wide divergence patterns of multiple Dune 
and Headland ecotypes and found that geographic distance affects the magnitude of genetic 
differentiation between populations, but not the genomic divergence patterns. Applying pooled 
RNAseq to four S. lautus ecotypes allows population genomics and molecular evolution analyses 
leading to the finding of short divergence time among these ecotypes and candidate genes that have 
potentially contributed to adaptive divergence of S. lautus. Moreover, I also found decoupled 
differential gene expression and coding sequence divergence patterns, suggesting the rapid 
divergence of S. lautus has been achieved through evolution at both levels. These works are 
essential to shape S. lautus up as an excellent system to study ecological speciation with gene flow.  
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Chapter 1  
INTRODUCTION 
ABSTRACT  
The improvement of new generation sequencing technologies (NGS) has enabled to produce 
ever-increasing amount of data at ever-decreasing price. Its application to ecology and evolutionary 
biology has expanded ecology and evolutionary studies from model species to non-model 
organisms in wild populations and made it possible to address important ecological and 
evolutionary questions at larger and more precise scales. In this ‘Introduction’, I begin by briefly 
introducing high throughput genome sequencing technologies that were used in my studies. I also 
briefly surveyed the current status of NGS based ecology and evolution studies using non-model 
systems by mainly focusing on the field of population genomics, where genome sequencing is 
carried out on population scale, for the studies of adaptation, phenotypic evolution and speciation. 
Additionally, I also introduced the major challenges of applying NGS to non-model plant species 
and possible strategies to tackle these challenges, followed by a brief introduction of my PhD work 
on applying NGS to an emerging ecological speciation model system, i.e., Senecio lautus 
(Australian groundsel). My PhD work is a typical project based on NGS application to an 
ecologically and evolutionarily important but non-classic model species, which consists of 
constructing reference genome and transcriptome drafts through de novo assembly, molecular 
evolution, population genomics analyses and identification of genome wide divergence patterns that 
are underling divergence of S. lautus.  
Key Words: Next Generation Sequencing, non-model organisms, ecology and evolution, 
Senecio lautus, Genome and transcriptome assembly
14 
 
AN OVERVIEW OF NGS 
There has been greater demand for technologies that deliver quickly large amount of accurate 
and inexpensive genome information. This desire has catalyzed the development of next generation 
sequencing (NGS) technologies. Improvement of NGS has made today an exciting era for various 
“omics” studies. We are being able to access tools and technologies that are revolutionizing our 
field by opening up new avenues to investigate and answer long-standing genetics, ecology and 
evolution questions. We should both focus on our own research questions and also keep ourselves 
up-to-date about the techniques and tools that could maximize our insights into our study.  
A BRIEF HISTORY OF NGS  
NGS technologies became commercially available in 2005, initialized by Solexa sequencing 
technology (EGAN et al. 2012). Ever since then, several different sequencing platforms have been 
developed and continuously improved at astonishing pace. NGS methods can be broadly grouped 
into three categories, i.e., sequencing by synthesis (SBS), sequencing by ligation (SBL), and single 
molecular sequencing (which is also called the third generation sequencing). The various 
sequencing platforms employ different strategies of templates preparation, immobilization, and 
synthesis and nucleotides recognition. These difference lead to major sequencing performances 
including read length, error rates, and throughput with each platform has distinguished advantages 
and disadvantages. Usually, there is trade-off among performances, especially between read length 
and sequencing throughput. For instance, compared with Illumina HiSeq platform, Roche/454 GS 
FLX+ sequences longer (700bp versus 100bp) but with lower per plate throughput (700 Mb versus 
~570Gb) (EGAN et al. 2012; LIU et al. 2012b). Because of these differences, customers need to 
employ different strategies to deal with quality control, assembly and downstream analysis. Most 
important of all, the NGS application starts from choosing appropriate platforms based on given 
projects. The most significant qualities based on which to choose sequencing platforms include read 
length, sequencing error, sequencing cost and downstream analysis. In general, long reads are 
optimal for building reference genome and transcriptome because it is less challenging to assemble 
longer reads even though it costs more. Over the past decade, we have seen progresses made in 
sequencing technologies, which output longer reads at reduced cost. For instance, Roche 454 
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pyrosequencing has progressed from producing reads of 100bp to 800bps (750 on average); 
Illumina has extended read length from 36 bp at the very beginning to 200bp now (300 bp is soon 
available). Therefore, many platforms can be used for multiple purposes. Platforms generating long 
reads are better for building genome drafts. Alternatively, short reads sequencing, featured by high 
throughput and massive output, is more suitable for re-sequencing and frequency inference centered 
application (e.g., expression and polymorphism analysis).  
APPLICATION OF NGS TO NON-MODEL SYSTEMS 
Sequencing non-model organisms represents a significant achievement of the ‘omics’ era. 
Even a decade ago, genome sequencing is mainly confined to those classical model species, such as 
Arabidopsis thaliana (INITIATIVE 2000), Drosophila melonagaster (ADAMS et al. 2000), 
Caenorhabditis elegans (CONSORTIUM 1998) and mice (GUÉNET 2005) or species of agricultural 
interests (domesticated crops and animals), such as maize (SCHNABLE et al. 2009), rice (PROJECT 
2005) and soybean (SCHMUTZ et al. 2010). To the moment when this introduction is being written, 
the statistics of Genome Online Database, (GOLD, http://www.genomesonline.org/) has included 
906 records of Eukaryotic complete genome projects, which include 151 Eukaryotic complete and 
published genomes. Obviously, non-model species genome sequencing has contributed more to this 
ever-increasing long list. Rapid genome sequencing of non-model systems has been driven by the 
interest of studying ecology and evolution at genomic scale. Application of high-throughput 
sequencing technologies to systems of ecological or evolutionary interest has made some ecology 
and evolution ‘model-species’, including three-spine stickleback (JONES et al. 2012), Heliconius 
butterflies (CONSORTIUM 2012a), Arabidopsis lyrata (close relative of model species A. thaliana) 
(HU et al. 2011), Helianthus annuus (STATON et al. 2012), Ficedula flycatchers (ELLEGREN et al. 
2012), and stick insect (COMEAULT et al. ; NOSIL et al. 2012). 
The field of ecology and evolution poses questions across a wide scale ranging from 
individual genes to the entire ecosystems. Answering these questions relies on obtaining large 
datasets. For example, much of ecology and evolution research attempts to link sequence variation 
and phenotypic functional variation. The key is first to identify multiple genetic markers across 
many individuals. These heritable polymorphisms lie at the heart of modern ecological and 
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evolutionary genetics. NGS has made it possible to uncover hundreds of polymorphic markers 
covering the entire genome in a single step, even for population with little or no genetic information. 
Another sort of important research that can only be done with NGS technologies is unraveling the 
genomic landscape of divergence between lineages, which is the key to understanding speciation 
(COYNE and ORR 2004). Recombination rates across the genome is another critical parameter in 
evolution and population genetics studies that can only be inferred at good accuracy and resolution 
with NGS technologies (ELLEGREN 2014). With access to the accumulating genomes, it is now 
possible to address questions like whether adaptive evolution is more common in genomic regions 
experiencing more recombination (or vice versa in regions of low recombination, e.g., sex 
chromosomes or rearranged chromosome regions). On the other hand, the availability of intensive 
data also urge researchers to refine population genetics theories to release the power of 
recombination in the data given that most of the standard population genetics approaches are under 
null hypothesis of no linkage disequilibrium or no recombinant history (LOHSE et al. 2011; 
KOSHELEVA and DESAI 2013).  
NGS is also essential to understand the genetic basis of important ecological traits, which are 
usually essential to ecological adaptation and perhaps speciation. Thus, developing genomic 
resources of wild populations allows us exploring the genomic architecture of natural selection and 
adaptation. Examples of how NGS can aid our understanding of adaptation and speciation in wild 
populations have steadily accumulated over the last decade. A variety of approaches, including 
whole genome shotgun sequencing (Turner et al. 2010), Illumina-sequenced RADseq (restriction 
associated DNA sequencing) (Baird et al. 2008) and transcriptome sequencing (Gayral et al. 2011), 
have been used to understand the repeated evolution of species (Hohenlohe et al. 2010), patterns of 
whole genome divergence in experimental selection experiments (Gompert et al. 2014), the 
genomic basis of mimicry (Ferguson et al. 2010), and the effect of recombination on species 
divergence (Renaut et al. 2013). Although these examples are by no means exhaustive but they 
clearly demonstrate the power of adopting NGS technologies in ecological and genetic studies of 
non-model organisms, they have exemplified how high-throughput sequencing has gained ground in 
answering some of the main open questions in ecological and speciation research (Rice et al. 2011; 
Faria et al. 2014). 
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The accumulated sequence data from many organisms have made it possible to carry out 
phylogenomics analyses (MCCORMACK et al. 2013) and paleo-genomics (KNAPP and HOFREITER 
2010), which enable exploring evolutionary relationships across species at genome level and 
revealing historical process such as paleo-ploidy that have shaped the genome functionally 
(ECKARDT 2004; MABLE et al. 2011; ALBERTIN and MARULLO 2012; GUO et al. 2013). Genome 
wide analyses across lineages allow revealing lineage specific as well as the common denominators 
that underlie adaptation to similar environments or evolutionary novelty at the phenotypic level. For 
instance, expansion of gene families has been repeatedly observed in multiple species to contribute 
to adaptation (COLBOURNE et al. 2011; CONSORTIUM 2012b; QIU et al. 2012; ZHANG et al. 2012; 
ZHANG et al. 2013). Therefore, the access to complete genome has enabled to conclude that gene 
duplication and neo-functionization mediated functional divergence is a common mechanism for 
evolutionary novelty.    
CHALLENGES OF NGS APPLICATION AND POTENTIAL SOLUTIONS 
NGS application is a typical two-steps process, including sequencing and assembly. Sequence 
assembly stands at the core of NGS application and involves in tilling overlapping and unique reads 
based on sophisticated algorithms. Normally this involves Contig and Scaffold building. 
Sequencing two ends of a genomic fragment (Pair-ended sequencing) is the most commonly used 
strategy generating relative positional information of reads and facilitate joining Contigs into 
Scaffolds. If the read pairs derived from repetitive regions, Scaffolding would be difficult. 
Therefore repeats rich region hinders constructing contiguous assembly. Increasing the insert size 
(i.e., the distance between read pairs) of pair-ended libraries can increase the probability of bridging 
unique sequences flanking the repetitive regions.  
Sequencing challenges and potential solutions 
To sequence many individuals at one time is still very expensive, especially for de novo 
sequencing organisms with large and complex genomes. Genome size is one contributor to genome 
complexity, the average flowering plant haploid genome size is >6000MB (GREGORY et al. 2007). 
Repetitive sequences, in particular, transposable elements, and polyploidy are other contributors 
18 
 
further complicating genomes. Together these factors increase the cost of sequencing and 
negatively impact sequence assembly quality.  
A commonly adopted strategy to reduce complexity of target genomes is to use restriction 
enzyme to select certain genomic regions (DAVEY et al. 2011). These methods include reduced-
representation libraries (RRLs) (VAN TASSELL et al. 2008), complexity reduction of polymorphic 
sequences (CRoPS) (VAN ORSOUW et al. 2007), and restriction-site-associated DNA sequencing 
(RAD-seq) (BAIRD et al. 2008). All these methods are designed to sequence targeted genomic 
regions at high depth with limited resources or technique obstacle. The field of ecological, evolution 
and conservation genetics has benefited a lot from these technologies. For instance, RADseq has 
been widely used for population genomics (HOHENLOHE et al. 2010; CORANDER et al. 2013), 
phylogeography (EMERSON et al. 2010) and QTL mapping analyses (GAGNAIRE et al. 2013; 
TAKAHASHI et al. 2013).  
The methods mentioned above represents complexity reduction strategies of marker 
identification. An alternative is focusing on certain molecular repertoire. Transcriptome and Gene-
Space sequencing are based on this philosophy. Transcriptome sequencing (RNAseq) allows 
targeting the major functional components of a genome. Since transcriptomes are usually much (10-
100 times) smaller than genomes and less repetitive (Gayral et al. 2011), it is less costly and, when 
sequenced at good coverage, it facilitates de novo assembly. Transcriptome sequencing has been 
used for population genomics studies (T O'Neil et al. 2010; Renaut et al. 2012; Gayral et al. 2013), 
phylogenetic inference (Chiari et al. 2012; Timme et al. 2012) and studies of molecular adaptation 
(Elmer et al. 2010; Künstner et al. 2010; Gayral et al. 2011). Transcriptome sequencing also 
captures expression levels variation among distinct tissues and across different populations, leading 
to robust functional and evolutionary inferences (Wolf et al. 2010; Gayral et al. 2011). Gene space 
sequencing is also feasible as it is confined to gene-rich genomic regions. Methylation filtration is a 
widely used method to generate gene-enriched plant genomics libraries. It relies on methylation 
sensitive enzymes to separate heavily methylated repetitive DNA from hypo-methylated genes 
(Rabinowicz 2003). This methodology has been successfully used in sequencing a fraction of the 
genome of several plant species (Palmer et al. 2003; Rabinowicz et al. 2005; Nunberg et al. 2006). 
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Other challenges related to NGS data analysis range from de novo assembly to annotation and 
variants profiling (including calling SNPs, copy number variation and structure variation). In brief, 
all NGS technologies suffer from sequence errors (including both substitution errors and insertion-
deletion (indel) errors), which could fundamentally affect sequence assembly and variation (SNPs, 
Indels and structural changes) profiling. The severity of sequencing errors depends in part on 
sequencing depth, with deeper sequencing potentially minimizing many errors (BENTLEY et al. 
2008). Customers should make choice of sequencing platforms through comprising sequence length 
and coverage according to their research goals and their project budgets as well.   
Sequence Assembly challenges  
De no genome assemblies are necessary for non-model organisms without reference genomes. 
Before next generation sequencing, overlap-layout-consensus (OLC) is the paradigm algorithm to 
join long reads into even longer contiguous sequences (Contigs). This process involves in three 
steps: 1) overlap, where each read sequence is compared to all other reads in both forward and 
reverse complement orientations. Different OLC algorithms use different quality thresholds for 
reads overlapping by adjusting the length and similarity of overlapped sequences. This step is very 
computationally intensive especially when the number of reads is large. This step can produce two 
types of overlaps. One is true overlap and the other is false overlap due to repeats in the genome 
(shown in Figure 1). Normally, these two types of overlap cannot be successfully distinguished at 





Figure 1. Overlap reads A and B. Top panel shows true overlap. Bottom panel shows false 
overlap due to repeats. 
 
 
Figure 2. Unitigs and repeat boundaries. Adapted from (MYERS et al. 2000).   
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Since the old generation sequencing technology (e.g. Sanger) produced sequences at sizes 
comparable to genes. OLC works well to do sequence assembly. But NGS platforms produce a 
huge amount of tremendous shorter and error-prone reads, making the above-mentioned algorithm 
computationally impossible. Besides, the prevalence of repetitive fragments in eukaryotic genomes 
further hinders correct assembly. De Buijn Graph (DBG) algorithms was first introduced to improve 
the assembly of repetitive regions (PEVZNER et al. 2001). Now it is the most popular algorithm to 
assemble both genomes and transcriptomes. DBG based assembly algorithms works in two steps. In 
the first step, short reads are broken into small pieces of fixed length (k-mers) and a de Bruijn 
Graph is constructed based on overlapping these short pieces. Based on which de Bruijn graph is 
constructed. DBG is composed of k-mers as nodes and overlap between k mers as edges. Each 
repeat will appear only once in the graph but the repetitive regions will form loop in the DBG as 
shown in Figure 3.  
 
Figure 3. A de Bruijn graph. Each node represents a k-mer. Each edge connects overlapping 
k-mers. Here read length is 4, k-mer is 3. The left panel shows a pool of short reads. The middle 
panel demonstrates the process of constructing de Bruijn graph by chopping reads into k-mers (of 
size 3). The assembly becomes finding paths in the graph that visits each edge exactly once. 
Numbers in the graph indicate ordered paths in the graph. The nucleotides with red background 
stand for repeats in the genome. This figure is adapted from (BERGER et al. 2013).
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DBG algorithms make it computationally possible to assembly large and repetitive Eukaryotic 
genomes. However, the hidden assumptions of DBG based methods that are violating real world of 
sequence assembly. DBG algorithms assume: 1) all k-mers in the genome are generated (100% 
coverage); 2) All k-mers are error free; 3) each k-mer is unique; and 4) the target genome is haploid. 
But in real cases, sequence errors are inevitable and Eukaryotic organisms are rich in repetitive 
genomic elements. Even though both OLC and DBG have to face the challenges of sequencing 
errors and repetitive sequences, the two categories of algorithms are differently affected by these 
common difficulties. For OLC, two reads will not be overlapped if sequence errors make them more 
different than the acceptable similarity threshold. However, the effect of sequencing errors on DBG 
will dependent on the k-mer size and sequencing depth. If errors appear in k-mers, the DBG will 
branch and make the graph complex. Smaller k-mers are less likely to carry erroneous nucleotides 
but k-mers shorter than repeats will lead to tangled DBGs and lead to fragmented assembly. On the 
other hand, k-mers longer than repeats will reduce graph complexity but sacrifice the accuracy of 
the final assembly due to increased risk of incorporating sequencing errors (LI et al. 2012). Based 
on this fact, low frequencies k-mers are very likely to be erroneous and can be either removed or 
utilized to identify and correct errors (LIU et al. 2012a).  
Another technology that greatly aids DBG assembly is PE sequencing, which means 
sequencing the two ends of a sequence fragment of fixed length at the same time. Therefore the 
relative position of the two derived reads can be decided. When one read is derived from unique 
region and the other from repetitive region, the DBG paths correspondent to each region can be 
joined.  
THESIS CHAPTERS SUMMARIES 
In Chapter 2, I introduced developing genomic resources for S. lautus. In brief, we used 
methylation filtration to target the gene rich regions of the target genome and Kamchatka 
crab duplex-specific nuclease (DSN) to normalize evolutionarily young repetitive sequences. Most 
sequenced reads were produced Illumina platforms. A small proportion of sequencing was done 
with Roche 454 platform. I used two assembly strategies to combine both data types. The first one 
uses de novo assemblers (Velvet, Ray and Newbler) to assemble Illumina and 454 reads 
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independently and then used a third party assembler (GAA) to combine the results. The second one 
uses Ray and Velvet to assembly both type of reads at once. I then assessed the performance of 
different assemblers and assembling strategies. I found that hybrid assembly produce better results 
in terms of assembly accuracy and completeness. In addition to assembling gene space for S. lautus, 
I also assembled partial transcriptomes using Roche 454 data. I found that Newblers assemblers 
outperform programs that were designed specifically for assembling Illumina data even when the 
later one was supplied with simulated Illumina reads. Utilizing transcriptome assemblies and 
protein sequences from databases, I was also able to annotate the gene space assembly. This 
assembly was used in a study to explore genome wide divergence patterns of multiple parapatric 
populations of S. lautus. Last but not least, I also performed comparative molecular evolution study 
using transcriptomes assembled for the Dune and Headland ecotypes of our system. I found only a 
few candidates genes that could have been under positive selection. This is not surprising given that 
the transcriptomes are incomplete. However, I realized that most of the candidate genes are 
involved in cytonuclear interaction. This is in line with studies that consistently found genes 
underlying population adaptation and divergence via cytonuclear interaction.  
I also tried to further improved gene space assembly by using the latest assemblers which 
taking into account diplodity (BANKEVICH et al. 2012) . Moreover, I also tried incorporating 
transcriptome information into gene space assembly. This is based on the idea that both gene space 
and transcriptomes contain the major functional components of the genome and sometimes 
transcripts contain exons that are distributed across multiple Contigs. To combine both type of 
resources, I utilized L_RNA_Scaffolder (XUE et al. 2013) to scaffold gene space Contigs and was 
able to improve the final assembly. 
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In Chapter 3, I introduced developing a complete reference transcriptome for our model 
system by combing multiple assemblers. I found that different de novo assemblers could recover 
different component of the true transcriptome. By examining the transcripts uniquely assembled by 
different assemblers. I found that most of them are lowly expressed ones. This implies that the 
ability to reconstruct low expression transcripts/genes is the major index distinguishing assembly 
capacity. I also found that different assemblers differ in their ability to recover close paralogs. This 
draws caution to transcriptome based gene families evolution studies. The final reference 
transcriptome assembly is the combination of results from multiple assemblers. This wide spectrum 
strategy has been used in many cases for de novo transcriptome re-construction. However, this 
method leads to very redundant results. I removed potential assembly redundancy based on coding 
sequences identity, which was shown to be effective in certain criteria. But I found that this strategy 
tended to remove true paralogous sequences. I showed through simulation study that redundancy 
reduction based on gene expression level and relative transcript length is more effective and would 
not affect the downstream analyses such as genome duplication inference.  
In Chapter 4, I performed population genomics analyses using pooled RNAseq data from four 
S .lautus ecotypes. I assembled transcriptomes for all ecotypes by combining reference guided 
(RGA) assembly and de novo assembly (NOVO). In brief, I first identified coding sequences of 
each type of assembly, and then identified orthologs and unique sequences from each assembly and 
derived final assembly for each ecotype by combing RGA and unique NOVO assembled transcripts. 
I then chose representative transcripts for population genomics and molecular evolution analyses. 
Through population genomics analyses, I was able to find that these ecotypes have diverged 
recently and are growing after population bottlenecks. I was also able to identify candidate genes 
that potentially contribute to ecological adaptation through either coding sequence divergence or 
expression divergence or even both ways. Through annotating the identified candidates at both gene 
level and biological process (defined in gene ontology) level, I found more evolutionary 
convergence at the later level. I also found the expression patterns are different from phylogenetic 
relationship of these ecotypes, implicating uncoupled relationship of evolution at sequence level 
and expression level. This work demonstrates that pooling RNAseq can be effectively applied to 
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population genomics analyses of natural population in order to aid our understanding of the genetic 
basis of ecological adaptation and speciation. 
In Chapter 5, I studied the genome wide divergence patterns using RADseq pooling 
sequencing technology. Genome wide differentiation patterns are fundamental to understand the 
genetics of adaptation and speciation. Models predicting genomic divergence patterns during 
speciation include ‘divergence-hitchhiking’ (DH), and ‘genome hitchhiking’ (GH). However, 
evidence for these models is equivocal. A major difference between DH and GH models is the 
creation of genomic islands of differentiation. Although many studies have reported the existence of 
such islands very few of them have evaluated their numbers and size. In this Chapter, I used 
multiple, closely related S. lautus population pairs spanning the speciation spectrum and geographic 
distances to study how the geographic context of speciation can affect genome wide divergence. I 
found that the numbers and size of highly differentiated regions between divergent populations are 
independent of their geographic location and habitat. Additionally, islands of differentiation were 
small, and scattered throughout the genome. However, islands of differentiation were shared 
amongst populations pairs found in different geographic locales. Taken together, these results 
indicate that geographic distance affects the magnitude of genetic differentiation between 
populations, but it does not affect the genomic patterns of differentiation across populations. I 
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Chapter 2  




Background: The advent of Next Generation Sequencing (NGS) technologies has made it 
feasible to carry out powerful ecological and genetic studies using non-model organisms. However, 
the lack of a genome reference hampers the utility of the thousands of markers produced in these 
studies, as little functional information can be derived from them. In this paper I introduce the first 
genomic resources for Senecio lautus, a non-model organism suited for studying the genetic and 
ecological basis of speciation and adaptation. 
S. lautus, a groundsel from the Asteraceae family, has colonized a wide range of habitats in 
Australia, and it has produced repeatedly and independently multiple populations adapted to coastal 
and alpine environments. Many of its coastal populations have parapatric distributions and seem to 
be evolving under divergent natural selection. Despite the possibility of performing classical and 
quantitative genetics under both field and environmentally controlled conditions in the system, S. 
lautus still lacks the necessary genomic resources for studying the molecular basis of speciation and 
ecological adaptation.  
Results: We sequenced the gene space for headland ecotype using methylation filtration gene 
enrichment and normalization and constructed the sequence assembly. We also developed 
transcriptomes and organelle genomes for dune and headland ecotypes of S. lautus. Comparisons 
showed that Newbler outperformed other programs for transcriptome assembly. I found Stepwise-
Hybridization-Assembly (SHA) a better strategy to assemble RNA and DNA sequence data from 
different sequencing platforms. A high proportion (88.7%) of genes from six well-annotated 
genomes and all Core Eukaryotic Genes (CEGs) can be found in our assemblies, implicating that 
we recovered a nearly complete S. lautus gene space. Through a preliminary comparative study 
between Dune and Headland ecotypes, I identified seven candidate genes under positive election, 
the functions of the genes implicate that organelle genomes could be potentially important to 
adaptive divergence between these ecotypes. 
Conclusion: I present the first broad survey of gene sequences of S. lautus, for which limited 
genomic information was available. I found that methylation filtration is an effective approach to 
simplify sequencing and capture gene spaces in complex plant genomes. The molecular resources 
developed in this study can be used for further studies of ecological adaptation and speciation and 
made S. lautus an emerging ecological speciation model. The results highlight the promise of 
building new study systems by application of next generation sequencing to non-model organisms 
that classical genetic experiments are not feasible. 
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Compared with traditional studies in model organisms, where geneticists have examined 
phenotypic variations but without always identifying their ecological significance, ecologists often 
have good ideas of the traits contributing to adaptation and divergence in populations of non-model 
systems (STAPLEY et al. 2010). Unfortunately, carrying out genetic experiments is often difficult in 
species where ecology studies are feasible, putting a mild break to understanding processes like 
adaptation and speciation in nature. Propitiously, the advent of NGS technologies has empowered 
researchers using non-model organisms to address fundamental questions in ecology and evolution 
that were not possible to study before in such systems (EKBLOM and GALINDO 2010).  
Examples of how NGS can aid our understanding of adaptation and speciation in wild 
populations have steadily accumulated over the last decade. A variety of approaches, including 
whole genome shotgun sequencing (TURNER et al. 2010), Illumina-sequenced RADseq (restriction 
associated DNA sequencing; (BAIRD et al. 2008) and transcriptome sequencing (GAYRAL et al. 
2011), have been used to understand the repeated evolution of species (HOHENLOHE et al. 2010), 
patterns of whole genome divergence in experimental selection experiments (GOMPERT et al. 2014), 
the genomic basis of mimicry (FERGUSON et al. 2010), and the effect of recombination on species 
divergence (STRASBURG et al. 2011). These examples are by no means exhaustive but they clearly 
demonstrate the power of adopting NGS technologies in ecological and genetic studies of non-
model organisms. Not surprisingly, these examples have gained ground in answering some of the 
main open questions in ecological and speciation research (RICE et al. 2011; FARIA et al. 2014). 
One common challenge hampering NGS application to non-model organisms is higher 
genome complexity. This is especially true for plant species, which usually have large, polyploid, 
repetitive and heterozygous genomes (SCHATZ et al. 2012). Genome complexity makes DNA 
sequencing and assembly (a process known as stitching raw NGS reads into Contigs) difficult to 
achieve, which consequently thwarts downstream analyses, especially the post-sequencing 
assembly task. Several strategies have been proposed to relieve this daunting task such as 
sequencing high-coverage and multiple pair-ended libraries of different insert lengths (SCHATZ et al. 
2012). But sequencing to great depths multiple genomic libraries of varied size is expensive, and 
often unrealistic for many agencies in today’s funding environments (SCHATZ et al. 2012).  
One possible strategy to circumvent project costs and genome complexity is to carry out 
reduced representation sequencing (RRS) of large genomes. Restriction site Associated DNA 
sequencing (RAD-seq) is one such example (BAIRD et al. 2008). With RAD-seq, a small proportion 
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of genome can be sequenced at very high depth (>20x) and the data generated can be analyzed 
without alignment to reference genome (TURNER et al. 2010). This technique has been applied to a 
number of studies with non-model systems (LAM et al. 2010; BRENNAN et al. 2012; RODA et al. 
2013; FARIA et al. 2014; GOMPERT et al. 2014). However, this approach has drawbacks, e.g., 
population genetics analyses based on this kind of data can be biased by polymorphisms with 
restriction sites (BRENNAN et al. 2009; GARNATJE et al. 2011) and variants identification tends to be 
affected by confounding effects of paralogs in the genome, which are very abundant in plant 
genomes (RABINOWICZ and BENNETZEN 2006). 
Transcriptome sequencing (RNAseq) is another way of performing RRS through targeting the 
functional components of a genome. Since transcriptomes are usually much (10-100 times) smaller 
than genomes and less repetitive (GAYRAL et al. 2011), transcriptome sequencing is less costly and, 
when sequenced at good coverage, it facilitates de novo assembly. Transcriptome sequencing has 
been used for population genomics studies (T O'NEIL et al. 2010; RENAUT et al. 2012; GAYRAL et al. 
2013), phylogenetic inference (CHIARI et al. 2012; TIMME et al. 2012) and studies of molecular 
adaptation (ELMER et al. 2010; KÜNSTNER et al. 2010; GAYRAL et al. 2011). Transcriptome 
sequencing also captures expression levels variation among distinct tissues and across different 
populations, leading to robust functional and evolutionary inferences (WOLF et al. 2010; GAYRAL et 
al. 2011). However, transcriptome sequencing often fails to capture all genes due to low expression 
levels or cell-type specificity of many genes(BONALDO et al. 1996).  
Gene space sequencing is a third approach of RRS, which is realized through targeting gene-
rich regions of a genome. One of the ways to generate gene-enriched plant genomics libraries is 
through methylation filtration, which uses methylation sensitive enzymes to separate heavily 
methylated repetitive DNA from hypo-methylated genes (RABINOWICZ 2003). This methodology 
has been successfully used in sequencing a fraction of the genome of several plant species (PALMER 
et al. 2003; RABINOWICZ et al. 2005; NUNBERG et al. 2006). However, after methylation filtration, 
there are still highly repetitive sequences representing members from large gene families, which 
will still complicate de novo assembly. The use of Kamchatka crab duplex-specific nuclease 
(DSN) during nuclei acid library construction can normalize evolutionarily young repetitive 
sequences, thus retaining highly divergent repeats and coding regions at base-line levels (SHAGINA 
et al. 2010). DSN normalization was originally introduced to normalize cDNA before transcriptome 
sequencing (ZHULIDOV et al. 2004; ZHULIDOV et al. 2005). It was also shown to be effective in 
removing genomic repeats (SHAGINA et al. 2010). In this study, I applied both methylation filtering 
and DSN normalization to sequence the gene space of a non-model organism, the common 
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groundsel Senecio lautus. I combined gene space sequences with previously produced genomic 
sequences by different sequencing platforms and established a gene-rich genome assembly for S. 
lautus.  
S. lautus is a widespread native Australian groundsel, showing high ecological and 
morphological diversity (THOMPSON 2005). At least 7 ecotypes of this system have been defined 
across Australia. Among these ecotypes, two of them – Headland and Dune (Supplemental figure 
1) -- exist in adjacent populations along coastal areas (RADFORD and COUSENS 2000; RODA et al. 
2013), and seem to have evolved repeatedly and independently multiple times (RODA et al. 2013). 
Reciprocal transplant experiments have suggested populations from these ecotypes are under strong 
divergent natural selection (ALI 1964; ORNDUFF 1964; RADFORD and COUSENS 2000; THOMPSON 
2005), and separated by strong levels of extrinsic reproductive isolation (MELO et al. 2014). 
Although current data suggests that F1 hybrids between Dune and Headland populations are fertile 
and viable, later generation of hybrids such as F2 suffer reductions in fitness (WALTER and ORTIZ-
BARRIENTOS unpublished data). Altogether, current evidence suggests that taxa from the S. lautus 
complex are an excellent system to study the ecological and genetic basis of adaptation and the 
evolution of reproductive isolation.  
There are ecological and genetic studies in other Senecio species 
(Senecio_Research_Network), but genomic resources (e.g., ESTs) are scarce in general 
(http://www.seneciod b.org/). Our efforts to create genomic resources for S. lautus will contribute to 
the ongoing development of Senecio as a genus model system for a wide range of questions in 
ecology and evolution (BRENNAN et al. 2009; BRENNAN et al. 2012). Here, I provide the first 
generation of genomic resources for S. lautus and demonstrate how optimal genome 
characterization can be achieved for a plant species without prior genomic information. I discuss 
how the combination of methylation filtration and DSN normalization can effectively sample and 
sequence the gene-rich regions of an organism with large and complex genome. I also explored how 
data produced by different sequencing platforms (Roche 454 and Illumina) and sampling strategies 
can be incorporated effectively into hybrid genome assemblies. Based on our estimation, we are 
very likely to have sequenced the complete gene sets of S. lautus genome.  
METHODS 




Headland, Dune and Tableland ecotypes of S. lautus were germinated from seeds in Petri 
dishes containing filter papers moistened with distilled water. Germination was done in growth 
cabinets in a plant growth room under standard culture conditions (12/12 hours day-night 
photoperiod and constant temperature of 20 
o
C). Healthy seedlings were then transplanted into ¼ L 
pots and returned to growth room with standard culture conditions.  
 Genome quantification  
One young, yet fully expanded leaf (roughly 6-8 weeks old) from each ecotype was collected. 
Approximately 0.5cm
2
 of the leaf material was placed in a plastic Petri dish and 400μL of 
Extraction buffer was added. The sample was chopped finely for 5-10 seconds after which 0.5cm
2 
of 2 weeks old Pisum sativum leaf material was added to the same Petri dish. The samples were 
then chopped for another 40 seconds and immediately filtered through a Partec 50μm Celltrics 
disposable filter along with 1.6mL of DAPI. The samples were stored on ice until measured by a 
BD LSRII flow cytometer approximately 1 hour later. The measurements on the flow cytometer 
were taken at 1500 UV Threshold, FSC 400, SSC 280 and UVA 260. The data collected was 
analyzed using the software FACSDiva Version 6.1.1(BD Biosciences).   
Preparation for transcriptome sequencing 
Headland and Dune plants were exposed to a range of treatments to stimulate gene 
transcription to maximize the number of transcripts for EST library construction. Treatments 
included wind (using a fan), drought (one week of no-watering one week before harvesting), and 
salt (watering with 200mM NaCl solution). To avoid sequencing only highly expressed genes, we 
constructed normalized cDNA libraries for both ecotypes. The normalized cDNA libraries were 
sequenced in GS FLX (Roche Diagnostics Corporation) Standard Chemistry run (half a plate per 
species at equimolar concentrations) by Australian Genome Research Facility Ltd (AGRF). 
Preparation for genome sequencing 
An adult Headland individual was chosen to prepare for DNA extraction. Genomic DNA was 
extracted from young leaves of this individual. In this study I used a reduced-representation 
approach to sub-sample the gene space of the genome. Gene space is the proportion of the genome 
containing coding sequences, introns, and cis-regulatory sequences (BARAKAT et al. 2000; 
SPRINGER et al. 2004). We used the methylation-filtration (MF) technology to preferentially select 
the hypo-methylated low copy genomic fractions. This technology has been applied to other plant 
species and shown to be able to alleviate negative influence on NGS by repetitive DNA 
(RABINOWICZ et al. 1999; BARAKAT et al. 2000; PETERSON et al. 2002; PALMER et al. 2003; 
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SPRINGER et al. 2004; LAMOUREUX et al. 2005; RABINOWICZ et al. 2005; NUNBERG et al. 2006). 
The gene-space sequence was prepared in three pair-ended libraries with insert-length of 125bp, 
250bp and 400bp respectively using Illumina kits. To further remove highly repetitive sequences, 
we normalized the libraries using Duplex-Specific thermostable nuclease from Kamchatka crab 
hepatopancreas (DSN enzyme) manufactured by Evrogen. The gene space pair-ended libraries were 
sequenced at AGRF.   
Sequencing cleaning and trimming 
Raw 454 reads were cleaned using Seqclean with the Univec database. Primer adaptors and 
homopolymers were trimmed using custom a Perl script. I further controlled the input data by 
trimming off 20-base pairs sequence fragments with average base quality lower than 15 (Phred 
Score).  
The Illumina reads were trimmed by setting up a threshold of consecutive 15 bases with 
minimum Phred quality score no less than 15. 
Transcriptomes assembly 
Transcriptome assembly was performed using multiple assemblers as shown in Figure 2. The 
assemblers include Cap3 (HUANG and MADAN 1999), Velvet(version: 1.2.08)-Oases (version:0.2.08) 
(ZERBINO and BIRNEY 2008; SCHULZ et al. 2012), Trinity (version: trinityrnaseq_r2012-06-08) 
(GRABHERR et al. 2011) and Newbler (i.e., Roche GS De novo Assembler, version 2.3 and 2.6) 
(MARGULIES et al. 2005). For Velvet-Oases, I prepared input by first classifying all reads into short 
(less than 200bp) and long ones (>=200bp) considering that Velvet is sensitive on reads length 
(ZERBINO 2010). For Trinity, I simulated Illumnia short reads based on the long 454 reads using the 
script - simulate_illuminaPE_from_454ds.pl, a utility script that comes along with the software. 
Velvet-Oases enables choice of multiple k-mer lengths. To avoid subjective selection of a 
single ‘best’ k-mer length, all k-mer assemblies were merged using CAP3. Since Newbler and Cap3 
are based on Overlap Layout Consensus (OLC) methodology, while Velvet and Trinity are based on 
de Bruijn Graphs algorithms, it is not surprising that each of them will capture different portions of 
the true transcriptome (KUMAR and BLAXTER 2010). It is necessary to combine them for a more 
complete and reliable final assembly. The final combination of different assemblies was done using 
CAP3 with highly conservative options (-p 0.98 –i 60 –o 80). Our last effort to improve the 
continuity of the assembly was using the Scaffolding using Translation Mapping (STM) method 
introduced by (SURGET-GROBA and MONTOYA-BURGOS 2010). This method uses reference protein 
sequences to scaffold sequences. As there is no reference proteome for our species, I used the 458 
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CEGs identified using CEGMA (Core Eukaryotic Genes Mapping Approach) (PARRA et al. 2007) 
as our reference protein sequences to scaffold transcriptome assemblies.   
Comparing different transcriptome assemblies 
Before comparing different assemblies, each assembly was processed using Usearch (EDGAR 
2010) to remove (sub-) identical sequences and get the non-redundant assemblies for the following 
analysis.  
Different transcriptome assemblies can be evaluated based on a series of criteria: accuracy, 
completeness and contiguity. Contiguity was measured through calculating mean Contig (or 
unigenes) length, N50 (i.e., the median length weighted Contig length) and cumulative contig 
length distribution and number of full-length transcripts. I calculated the above-mentioned metrics 
using a custom Perl script and then predicted full-length transcripts using the Full-Lengther pipeline 
(version 0.0.6) (Lara et al.). Full-Lengther is based on BLAST using protein database such as 
UniProt to define protein coding regions and starting codons and define mis-assemblies. It also 
enables ORF prediction even for sequences without homologous hits in protein database. To 
guarantee accurate estimation, I used an e value of 1e
-25 
to make conservative comparisons between 
our transcriptome data and protein sequences from public database. Since Full-Lengther is also able 
to identify mis-assemblies, this pipeline can evaluate assembly accuracy. 
Completeness is measured by proportion of true transcriptome covered by the assembly. Due 
to lack of reference genome or transcriptome for S. lautus, I used CEGMA pipeline (PARRA et al. 
2007; PARRA et al. 2009) to detect the proportion of CEGs that each assembly represents. 
Considering that CEGMA was originally designed for assessing genome assembly completeness, 
which takes into account the complex eukaryotic gene structure prediction, while transcripts tend to 
be structurally simpler, I used Full-LengtherNext (version 0.0.6) pipeline and the Core Eukaryotic 
Genes (CEGs) protein sequences to do the estimation.  
Genome assembly 
I tried two approaches to assembly the three data types, as shown in Figure 3. The first one is 
to use assemblers that are able to process both types of sequencing data at the same time, so that I 
can assemble all types of data at one step. The second one is to use assemblers designed for each 
specific data-type and then hybridize them using a third assembler. I call these two methods the 
Mix-Assembly (MA) (Figure 3 right) and Stepwise-Hybridize-Assembly (SHA) (Figure 3 left) 
approaches, respectively. I chose Velvet (version 1.2.03) (ZERBINO and BIRNEY 2008) and RAY 
(version 1.7) (BOISVERT et al. 2010) for the MA approach because Velvet can handle both long 
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(>=200bp) and short (<200bp) reads, while RAY is designed to process sequences produced by 
different sequencing platforms (BOISVERT et al. 2010). As for SHA approach, I chose to use 
different assemblers assembling specific type of reads. Pyrosequencing data was first assembled 
using AGRF using Newbler (version 2.3), I used Newbler (version 2.6) in order to get improvement. 
Illumina data was assembled using RAY and Velvet respectively. When using RAY and VELVET, 
I tried a series of k-mer values and defined the best k-mer assemblies according to evaluation based 
on assembly contiguity, completeness, and accuracy. Then the best assemblies were further 
combined using the Graph Accordance Assembly (GAA) program (YAO et al. 2012). When using 
GAA, the better assembly was used as the target assembly and the other assemblies were used as 
query to improve the target assembly. 
To account for assembly challenges introduced by diploidity and genomic polymorphism, I 
ran a recently developed assembly program, DIPSPADES (BANKEVICH et al. 2012; SAFONOVA et al. 
2014), which represents the first de Bruijn graph assembler for assembling highly polymorphic 
diploid genome as well as SGA (String Graph Assembler), which accounts for heterozygosity in 
diploid genomes (SIMPSON and DURBIN 2012). 
As the second step of a typical sequence assembly project, sequence scaffolding can further 
improve assembly contiguity by joining Contigs together using pair-end (PE) libraries. Since we 
only have short-insert-length PE libraries, the result from scaffolding is not as good as the one with 
long-insert and mate pair libraries. Therefore, I tried an alternative sequence scaffolding method 
based on transcriptome data. I used L_RNA_Scaffolder (XUE et al. 2013) to join Contigs that 
contain adjacent exons from the same transcripts. Considering this method will be limited by 
transcript coverage, I also applied it to further scaffold scaffolds produced by different assemblers 
assuming their algorithmic accuracy. 
Genome assembly assessment 
Different assembly results were assessed based on contiguity, completeness, and accuracy.  
Assembly contiguity was estimated using indexes including the number of long sequences 
(>1kb), N50, average Contig Length and the proportion of assembly size accounted by long 
sequences.  
Assembly completeness was evaluated using two approaches. The first one is comparing the 
number of CEGs that can be identified using CEGMA pipeline for each assembly. The second one 
is querying well-annotated plant proteomes and calculating the number of orthologous genes that 
can be found in each assembly. The plant genomes used in the second evaluation included 
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Arabidopsis thaliana, Vitis vinifera, Populus trichocarpa, Glycine max, Carica papaya and Oryza 
sativa. Then I mapped these proteomes one by one using TBLASTn (ALTSCHUL et al. 1997) (e-
value<= 1e
-5
). Finally, I calculated the number of orthologous groups that were covered by each 
assembly and use it as measurement of assembly completeness.  
Assembly accuracy was assessed based on number of complete CEGs identified by CEGMA.  
Maximize genome assembly 
After choosing the ‘best’ gene space assembly, I tried to further improve gene space assembly 
simply by adding the scaffolds from other assemblies with unique protein hits from the six plant 
species and databases (NCBI NR protein database, SwissProt protein database).  
Transcriptome and genome Annotation  
Transcriptome annotation 
Final transcriptomes for both ecotypes were first subjected to repeat masking using 
RepeatMasker. Organelle (both chloroplast and mitochondrial) sequences were identified through 
similarity searching against The Organelle Genome Database (GOBASE) (O’BRIEN et al. 2009). 
These sequences were later combined with those identified in the genome and used to construct 
organelle genomes. To functionally annotate transcriptome sequences I first mapped toward 
SwissProt and TrEMBL protein sequences using BLASTx. Sequences without matches were 
mapped to NCBI Nr protein database using BLASTx (with cutoff value of 1e-5). I then used 
UniProt ‘Id Mapping’, DAVID (DENNIS JR et al. 2003) and NCBI geneid and goid relation file 
(ftp://ftp.ncbi.nlm.nih.gov/gene/README) to assign Gene Ontology (GO) ID and GO terms to the 
sequences having homologous hits from the above mentioned database. GO annotation results were 
plotted using Web Gene Ontology Annotation Plot (WEGO) (YE et al. 2006). I also mapped 
transcriptome sequences to KEGG (KANEHISA et al. 2004) peptides so as to identify the pathway 
represented in our final assemblies. To determine coding sequences (CDS), we used Genewise to 
map all protein hits back to transcriptome sequences to decide the reading frames. 
Genome annotation  
Before doing genome annotation, we first used Megablast (ZHANG et al. 2000) to search 
against bacterial genomes database to identify and remove the potentially contaminated Contigs. I 
also filtered out organelle genome sequences by searching The Organelle Genome Database 
(GOBASE http://gobase.bcm.umontreal.ca/). Genomic sequences of organelle origin will be 
combined with that identified from transcriptome data to construct organelle genomes. 
43 
 
Repeats identification  
I used Tandem Repeats Finder (BENSON 1999) to find tandem repeats and Repbase (JURKA et 
al. 2005) to identify interspersed repeats. Transposable elements were identified at both DNA level 
using RepeatMasker (TARAILO‐GRAOVAC and CHEN 2009) and protein level using 
RepeatProteinMasker (PRICE et al. 2005; KAPITONOV and JURKA 2008).  
Gene prediction 
Two gene prediction methods, i.e. the homology based (including both ESTs and proteins 
alignments) and ab initio methods approaches were used to identify gene models, a final reference 
gene models was constructed by merging all of the results through keeping gene models predicted 
through homology approach when they are predicted by both approaches. To perform homology 
based gene prediction, protein sequences from Arabidopsis thaliana, Carica papaya, Vitis 
vinifera, Populus trichocarpa, Oryza sativa and Glycine max were downloaded from Phytozome 
(v8.0) (GOODSTEIN et al. 2012). Focusing on one species at each time and using the protein 
sequences identified by BASTx during the genome assembly assessment step, I used Exonerate 
protein2genome model to map protein sequences to genomic sequences. As a pairwise generic 
sequence comparison tool, exonerate can accurately do splice alignment (SLATER and BIRNEY 
2005).  
As for de novo gene prediction, I chose AUGUSTUS (STANKE and WAACK 2003; STANKE et 
al. 2006), which is a versatile gene prediction package that is able to incorporate evidences of ESTs 
and protein alignment to increase prediction accuracy. I followed online tutorials (URL: 
http://bioinf.uni-greifswald.de/bioinf/wiki/pmwiki.php?n=Augustus.Augustus) to prepare external 
hints and train it for S. lautus. To prepare cDNA sequences alignment, I downloaded 10219 ESTs 
for Senecio genus from NCBI, together with S. lautus transcriptome, I mapped them to genome 
assembly using BLAT (KENT 2002). I also aligned protein sequences from SwissProt database and 
those from the above-mentioned six plant species to S. lautus gene space assembly. Both cDNA and 
protein sequences alignments were converted into hints files that can be used by AUGUTUS. 
Besides, I also trained AUGUSTUS for S. lautus using 38736 Asteroideae protein sequences 
downloaded from NCBI.  
To functionally annotate our gene models, I used BLASTx to query nuclear sequences against 
TrEMBL and SwissProt database. The best hits were extracted and the correspondents IDs were 
converted into Gene Ontology (GO) IDs. Sequences without protein hits from TrEMBL and 
SwissProt databases were used to search against NCBI nr protein database. The GI (gene id) 
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numbers were also converted to GO IDs based on the GI~GO relation file. I also determined protein 
domains using InterproScan (ZDOBNOV and APWEILER 2001), which searches against Pfam, 
PRINTS, PROSITE, ProDom and SMART. This step also yields not only InterPro entries but also 
GO IDs for each gene. Finally, I used BLASTx again to query nuclear sequences against KEGG 
proteins to define the pathways in which the genes might be involved.   
Identification of noncoding RNA genes 
I predicted tRNAs genes using tRNAscan-SE (LOWE and EDDY 1997) with eukaryote 
parameters. The rRNA genes were determined by aligning our sequences to plants rRNA template 
sequences using BlastN with E-value 1e-5. I also used INFERNAL software (version 1.0.2) 
(NAWROCKI et al. 2009) to search the Rfam database to identify small RNAs (e.g. miRNA and 
snRNA). 
Organelle genomic sequences identification and annotation 
To identify sequences from organelle genomes, I mapped the assembled genome and 
transcriptome to organelle genomes stored in The Organelle Genome Database (GOBASE 
http://gobase.bcm.umontreal.ca/) using BLASTN. These identified chloroplast sequences were then 
annotated using DOGMA (The Dual Organellar GenoMe Annotator) (WYMAN et al. 2004) and 
mitochondrial sequences were annotated with MITOFY Analysis Web Server (URL: 
http://www.vcru.wisc.edu/cgi-bin/mitofy/mitofy.cgi) (ALVERSON et al. 2010). The annotated 
sequences were than compared with sequenced organelle genomes using (GRANT and STOTHARD 
2008) (Circular Genome Viewer) server, which graphically shows the structure of S. luatus 
chloroplast and mitochondrial genomes for both ecotypes. 
Molecular evolution analysis 
I determined one-to-one orthologous genes between Dune and Headland ecotypes using 
OrthoMCL (LI et al. 2003), which was shown to yield less false positive than other methods 
(PROOST et al. 2009). Then protein sequences from the same orthologous group were multiple 
aligned using MUSCLE (v3.8.31) (EDGAR 2004). These protein sequences alignments were then 
used to guide coding sequences (CDS) alignment using PAL2NAL (SUYAMA et al. 2006). Codeml 
from PAML(YANG 1997) software package was used to perform molecular evolution analysis. 
Codeml calculates divergence at synonymous (dN) and non-synonymous (dS) sites and their ratios 
(dN/dS) for each orthologous pairs. The comparisons with dN/dS greater than one were defined as 
the positively selected candidate barrier (to gene flow) genes.  
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 Considering Asteraceae is a quite diverse clad and judged to have very high rates of 
speciation(LEVIN 2003b). It is interesting to know whether candidate genes identified in our system 
overlap with those previously identified ones. A previous study using genomic resources for 22 
Asteraceae species(KANE et al. 2011) also identified some candidate positively selected genes.  
Computing 
I performed all the analyses on High-Performance-Computing (HPC) cluster located on the 
University of Queensland’s (UQ) St. Lucia campus. It consists of 384 compute nodes with over 
3000 cpu cores connected via an infiniband network. I thank HPC group for supporting by 
installing all software packages needed for this study.
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RESULTS AND DISCUSSION  
Genome size estimation 
Based on flow cytometry analysis of 12 individuals from three different populations, I 
estimated the average diploid genome size of S. lautus to be 2.757 pg/1C ± 0.028, in agreement 
with previous reports for the system (LAWRENCE 1985) (~2.7GB). Genome Size in Asteraceae 
Database (GSAD) (GARNATJE et al. 2011) includes genome size information for 198 species or sub-
species from Senecio genus. The DNA amount measured in 1C varies from 0.4 to 26.15 with an 
average of 3.51 and standard deviation of 0.36. This variation is due to both polyploid increase in 
genome number and changes in genome size (LAWRENCE 1985). I noted that some records in 
GSDA conflict with those from Lawrence’s study. For instance, C-value for Senecio pterophorus 
was estimated to be around 1 C(pg) in (LAWRENCE 1985), but GSDA shows that to be 2.8 C(pg). 
However, the C-values for S. lautus from both resources are consistent with our study, which 
confirms our estimation.     
Sequence Assembly 
Raw data was also uploaded to NCBI Sequence Read Archive (SRA) ###. Reads trimming is 
one of the most frequently used preprocessing procedures. It is supposed to be able to increase the 
quality and reliability of analysis (RNA-seq, SNPs calling and genome assembly) meanwhile 
decrease execution time and computational resources needed (DEL FABBRO et al. 2013). All types 
of raw reads in this study were cleaned by filtering out low quality bases and potential 
contaminations. The trimming statistics are shown in Table S1. As it shows, gene space data 
accounts for 90% of all data sets used for genome assembly. In general, 30% of raw reads below the 
quality threshold were filtered out.  
For both transcriptome and gene-space assembly, I used multiple assemblers and different 
assembly strategies. This is based on two considerations. Firstly, different assemblers generated 
assemblies based on different algorithms leading to different results. Combining results from 
different programs should give more credible final product (KUMAR and BLAXTER 2010). Secondly, 
genomic reads for our system were generated from different sequencing platforms. It is necessary to 
choose different programs based on data types. Merging independent assemblies should be able to 
maximize the potential of getting an optimal sequence assembly.  
Assembly strategies for transcriptome are shown in Figure 2. I chose multiple software 
packages to do assembly independently and merged the separate results to a final assembly with 
optimized assembly completeness and accuracy. Figure 3 shows our genome assembly strategy. 
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The step-wise-hybridization assembly (SHA) approach is a strategy to assemble specific sequence 
reads independently and then merged separate assemblies. However, the mix-assembly approach 
assembles all types of sequences at one step using one assembler.  
Best transcriptome assembly and the best assembler 
Table 1 shows the basic statistics for various transcriptome assembly results. These metrics 
include N50, mean unigene length, number of long unigene (>1kb) and total assembly size, which 
can roughly reflect sequence continuity of a given assembly. I found that Newbler2.3 produced the 
best assemblies in terms of all assembly metrics. Newbler2.6 comes next. Trinity ranks at the third 
place. Velvet-Oases assembly is at the bottom even though I combined results produced by multiple 
k-mers assemblies and un-used long (>=200bp) reads. Both Trinity and Velvet-Oases produced 
relatively higher proportion of short transcripts and lower percentage of short ones. This should 
reflect the underlying algorithms difference. Both Trinity (GRABHERR et al. 2011) and Velvet-Oases 
were designed for assembling short reads from Illumina sequencing platform (SCHULZ et al. 2012) 
while Newblers are for assembling long reads. 
To more intuitively show the differences among different assemblies, I plotted the cumulative 
unigenes length generated by different assemblers in Figure 4. Since all assemblers’ performance is 
steady across all comparisons, I showed here only the results for assembling all reads from both 
ecotypes (i.e., a pseudo-transcritome for the species rather than specific ecotypes). The initial slope 
reflects the proportion of longer unigenes while the end point of each curve stands for the total 
assembly size. The curve for CAP3-mreged assembly has the steepest slope, which means that it 
consists of larger proportion of long unigenes than others. But among the separate assemblies, 
Newbler2.3 is obviously the best.  
Table 2 shows results produced by Full-LengtherNext pipeline, which uses proteins sequences 
from databases to identify full-length transcripts and detect potential wrong assemblies. The results 
show that Newblers has dominant performance in terms of all indexes. Newbler2.3 once again 
outperformed all other software by recovering more hits from database and producing more full-
length transcripts but fewer mis-assemblies. This violent contrast suggests Newblers’ superiority in 
terms of both assembly completeness and accuracy when applied to 454 data. 
A formal way of comparing assembly completeness is based on investigating number of 
CEGs found in different assemblies. I did this using both the CEGMA (Core Eukaryotic Genes 
Mapping Approach) pipeline and Full-Lengther pipeline by using the same set of 458 CEGs 
considering the structural differences between gene sequences recovered from genome and 
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transcriptome assemblies. In line with the previous comparisons, results in Table 3 show that 
Newbler 2.3 recovers more CEGs than other assemblers. Besides, I also found that Full-Lengther 
pipeline tend to discover more full-length CEGs than CEGMA, which reflects the inherent 
algorithmic differences between the two pipelines. CEGMA is a pipeline to assess gene-spaces in 
draft genome (PARRA et al. 2009). Thus, it requires a full-length candidate to have complete gene 
structure while Full-Lengther is specifically for ESTs assembly evaluation. Therefore, I suggest 
using Full-Lengther or other pipeline(s) for full-length transcript identification. 
The above comparisons based on different criteria all suggest that Newbler to be the most 
successful assembler in recovering complete length transcripts. Oases might not be an appropriate 
454-transcriptome assembler even though it allows long reads as input though it has improved 
results after using simulated short reads data. A project aiming at restoring full-length transcripts 
with 454 data should consider Newbler as the first choice. This finding is similar to that of a study 
based on simulated reads (MUNDRY et al. 2012). As for Trinity, it outperformed Oases in all 
comparisons with the simulated Illumina data.  
Gene-Space assembly, best assembler and best assembling strategy 
 For SHA, I used the two 454 assemblers to assemble 454 genomic sequences. I evaluated 
results based on the same set of criterions used for transcriptome. I first compared the performance 
of two 454 assemblers. Basic metrics in Table S3 suggest that Newbler 2.6 assemblies generated 
higher proportion of long sequences (>1kb) and has bigger N50 as well as mean sequence length. 
This result contrasts that from transcriptome assembly. However, I realized that Newbler 2.3 
produced assemblies of larger size though this could indicate more redundancy. Table S3 shows 
results from CEGMA pipeline and CEGs mapping using TBLASTn. I found that Newbler 2.3 
assemblies have more CEGs hits than Newbler 2.6 assemblies. Newbler 2.3 produced more 
complete CEGs in the case of assembling Dune ecotype sequences. This implies that Newbler 2.6 
could have sacrificed assembly accuracy to achieve better assembling contiguity. 
After assembling 454 reads, I used using Ray and Velvet to assemble Illumina gene space 
reads. I used GAA (YAO et al. 2012) with Illumina assembly as reference sequences and 454 
assemblies as query sequences to complete SHA. Meanwhile I also performed mix-assembly 
(assembling 454 and illumine reads together) use the same two programs. Table S4 show basic 
assembly metrics for Ray and Velvet when they were used to assembly only Illumina data, while 
Table S5 contains the same set of metrics for when they were used as hybrid assemblers (i.e., used 
in Mix-Assembly strategy). For both situations, multiple k-mer assemblies of Ray and Velvet were 
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compared. I found that: 1) in terms of assembly contiguity, Velvet outperformed Ray in general; 2) 
the two assemblers have different ‘optimal’ k-mer values to achieve optimal assembly contiguity. 
Ray’s optimal k-mer value is 31, while Velvet’s is 57. This holds for both mix- and hybrid- 
assemblies. This demonstrates that different assemblers may have different ‘optimal’ k-mers to 
achieve their ‘best’ performance. Comparisons should be made using their optimal assemblies and 
the results are shown in Table 4; 3) comparing any of the same programs used in different assembly 
strategies showed that mix-assembly can improve Velvet performance but brought down Ray 
performance. This implicates Ray to be more sensitive to heterogeneous input as it was designed as 
a hybrid assembler (BOISVERT et al. 2010). I also found 4) mix-assembly has better sequence 
contiguity than SHA.   
I performed completeness estimation based on CEGMA pipeline and homology searching 
against well-annotated plant proteomes respectively. The first one is dependent on the number of 
CEGs (evolutionarily conserved protein families across a wide range of eukaryotes) that can be 
recovered by each assembly. The second method examines a wider range of genes from well-
annotated WGS (whole genome sequencing) projects that can be restored in the present study. 
Results for these two kinds of completeness evaluation are shown in Table 5 and Table 6 
respectively. As shown in Table 5, almost all CEGs can be found via similarity searching. However, 
CEGMA estimate show that Velvet can restore more CEGs than Ray under both assembling 
strategies. For both assemblers, the SHA assembling strategy can restore more complete CEGs. I 
found that mix-assembly of all data types reduced the number of CEGs than even assembly only 
with Illumina reads. Evaluation based on six plants’ proteomes shown in Table 6 suggests a similar 
pattern. At least for Velvet based assemblies, mix-assembly reduces the number of homologous hits 
as well as orthologs that can be found. Therefore, mix-assembly inclined to restore fewer genes than 
SHA. Considering that mix-assembly reaches higher assembly contiguity, it could have sacrificed 
assembly accuracy. To test this, I extracted sequences that have hits from the six plants species and 
compared the basic assembly metrics again. The results in Table 7 show that SHA has evidently 
better contiguity than mix-assembly approach. This demonstrates that assembling heterogeneous 
data could lead to erroneous results. For a final optimized assembly, I combined the sequences from 
VelSHA and those from other assemblies having protein hits not recovered by VelSHA into 
SuperSHA. The assembly evaluations for SuperSHA are shown in Table 4-6.  
Assembly quality is the most important criterion to choose assemblers and assembly strategy. 
In the present study I compared two genome assemblers used in two different assembly strategies. 
Velvet and Ray was chosen as they can be used as hybrid assemblers. My comparisons showed that 
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Velvet is superior to Ray. Meanwhile, SHA is more successful than mix-assembly, suggesting that 
it is better to distinguish between different data sets than to handle a heterogeneous combination.  
Polymorphism rates estimation 
Genomic polymorphism is one of the factors that affect assembly quality. To calculate 
genomic polymorphism, I calculated the frequencies of SNPs as described in Methods. I used only 
long scaffolds as the reference sequences (at least 500 bp long) and found the polymorphism 
frequency to be 1.4 SNPs per kb (kilo-base pairs). This result is comparable to a previous study in a 
close relative Asteraceae species, i.e., Helianthus annuus based on transcriptome sequencing, which 
found polymorphism rates to be 6/kb (BACHLAVA et al. 2012). H. annuus’s higher polymorphism 
rate should reflect its proved high level of diversity and large effective population sizes 
(STRASBURG et al. 2011).  
Assembly accounting for diploidity and genomic polymorphism  
I used SGA and DIPSPADES to account for potential influences from genome diploidity and 
polymorphism. The results were included in Supplemental Table 6. As it shows, in terms of basic 
assembly metrics, these two assemblers did not produce better results compared with Velvet. 
Improving scaffolding with Transcriptome data 
Results of scaffolding Contigs and Scaffolding improvement using transcripts were shown in 
Table S8 and Table S9. Table S8 demonstrate that transcripts-based scaffolding improved results 
from SGA and dipSpades but not as well as Scaffolds produced by Velvet. Table S9 shows that 
transcripts based scaffolding can further join scaffolds produced by different assemblers. This can 
be explained by the incomplete transcript coverage of different assemblies as shown in Table S10. 
In brief, Velvet results (both Contigs and Scaffolds) have higher transcripts coverage, especially in 
terms of the number of mapped full transcripts. This means Velvet results have less fragmented 
sequences containing adjacent exons from the same transcripts, thus transcripts scaffolding 
improvement should be less significant as observed in other data sets. Therefore, this result also 
supports that Velvet assembly is better than the others. 
Sequence Annotation 
Organelle genomes 
Nuclear and organelle genomes are functionally interdependent. Nuclear genes encode most 
of organelle genes. Organelle genomes are maternally inherited and tend to have higher 
evolutionary rate. All these characteristics make ideal for evolution study (CASTRO et al. 2010). 
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Moreover, recent studies also show the role that organelle genomes, especially mitochondrial 
genomes play in forming postzygotic isolation via intergenomic incompatibility (LEVIN 2003a; 
BURTON et al. 2006; GERSHONI et al. 2009; BURTON et al. 2013). Thus, it is very important to 
construct organelle sequences for S. lautus to complement nuclear genomic resources. I identified 
sequences included in both genome and transcriptome assemblies of organelle origin by searching 
organelle sequences stored in public databases. I then annotated both chloroplast and mitochondrial 
genomes through comparative genomes approach. This leads to identification of organelle genes 
and organelle genomes structures show in Supplemental Table 11 and supplemented Figure 1-6.  
Transcriptome annotation 
Some of the assembled unigenes were annotated by Full-Lengther (e-value equal to 1e-20) 
pipeline during the full-length transcripts identification step. I also used NCBI nr protein database 
and BLAST2GO (CONESA et al. 2005) approach to assigned Gene Ontology (GO) IDs and GO 
terms to unigenes. I then used WEGO (YE et al. 2006) to determine the number of unigenes 
annotated with the same GO term and plot the frequencies distribution in Supplemental Figure 7. I 
also compared S. lautus GO annotation with that of A. thaliana and found that only 26.7% of the 
Gene Ontology of the later was recovered.  
Gene space annotation  
Repeats identification  
Using RepeatMasker and Tandem Repeats Finder (TRF), I identified interspersed repeats 
(consisting of retroelements including SINEs, LINEs and LTR elements; DNA transposons), small 
RNAs, simple repeats and low complexity repeats and satellites. All the identified repeat elements 
account for 9.9% of the total genome assembly. These repetitive elements were masked to facilitate 
gene prediction. The fraction of repetitive elements is much lower than that of other sequenced 
plant genomes - for instance - soybean (59%) (SCHMUTZ et al. 2010), grapevine (41%) (JAILLON et 
al. 2007), maize (85%) (SCHNABLE et al. 2009), sorghum (62%) (PATERSON et al. 2009) and 
sunflower (62%) (CAVALLINI et al. 2010). This demonstrates that our methylation filtration and 
normalization treatments can effectively remove repetitive elements from S. lautus genome.  
Gene model identification 
I used two gene prediction methods (homology based, ESTs and protein aided ab initio 
methods) to identify gene models. The final reference gene models were constructed by merging 
results from both approaches. For the sake of gene prediction accuracy, I only applied de novo gene 
prediction to sequences longer than 1 kb.  
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For the homology approach, I first used our assembly to query protein sequences using 
BLASTx (e-value<=1e-5) from the six plant species. I found S. lautus gene-space assembly 
recovers 186,564 genes from all six plant species, which represents 20,275 of 22,860 orthologous 
groups identified across the selected six plant species’ genomes. All matched protein sequences 
were then mapped to S. lautus nuclear sequences using exonerate (2.4.7) (SLATER and BIRNEY 2005) 
to predict both open reading frames and splice sites. This approach generated protein to gene-space 
alignment with 157,599 known genes belong to 17,569 orthologous groups. 
To improve the accuracy of ab initio gene prediction, I used hints derived from aligning S. 
lautus transcriptome, 10219 ESTs sequences of Asteraceae origin from NCBI and protein 
sequences from both the above-mentioned six plant species and those from SwissProt database with 
gene-space assembly as external evidences. I also trained gene-predictor AUGUSTUS for S. lautus 
using 38736 Asteroideae protein sequences downloaded from NCBI. The de novo approach was 
able to identify 7453 gene models, among which 6446 gene models are not supported by extra 
evidences (i.e., no protein and ESTs alignment). To merge gene models predicted by both 
approaches, I kept the longer ones if they have same reading frames or only the ones supported by 
homology approach if they have different reading frames. The final annotated S. lautus gene sets 
consisted of 17,569 genes orthologous to those from the six plant species and 6446 de novo 
predicted ones. 
 To functionally annotated the identified gene models. I compared them with protein 
sequences from KEGG database (KANEHISA et al. 2004) using BLASTx (e-value<=1e-5). 
Sequences with significant hits were assigned with KEGG ids, so that correspondent metabolism 
pathways can be inferred. To characterize the gene products of our gene models, I also queried 
against the Gene Ontology (GO) sequence database (go_20130413_seqdb) (HARRIS et al. 2004) 
using BLASTx (e-value<=1e-5). GO id (2577128) and GO terms were assigned. I also identified 
protein domains of our gene models using InterproScan (ZDOBNOV and APWEILER 2001). In 
addition to protein coding genes, I also identified 723 tRNA, 78 5S rRNA and 18 5-8S rRNA and 
591 small RNAs using Infernal (NAWROCKI et al. 2009). 
Preliminary comparative analysis and molecular evolution  
The assembled transcriptomes for two ecotypes allows us to identify orthologous gene 
sequences between them and performed molecular evolution analysis. The candidate genes that 
show signature of positive selection (dN/dS>1) could have been responsible for the adaptive 
divergences of different ecotypes. I was able to identify seven positively selected genes (also called 
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barrier genes), as shown in Table 8. Compared with a previous study (KANE et al. 2011), which 
identified 105 positively selected genes across 22 Asteraceae species, I found one candidate gene 
(d_Contig0.1553) from Cytochrome P450 family with the effect of affecting electron carrier 
activity is also in their candidate genes list. Moreover, it is interesting to find that six candidate 
genes in this study are involved in cytoplasmic metabolism and three of them are essential for 
organelle (i.e., chloroplast and mitochondrial) function. On one hand, the few candidate genes could 
be a result of incomplete transcriptome sequencing. On the other hand, this might support the role 
that cytoplasm plays in the process of plant adaptation as has been shown in other studies 
(GALLOWAY and FENSTER 1999; GALLOWAY and FENSTER 2001; KAPRALOV and FILATOV 2006; 
KAPRALOV and FILATOV 2007; KAPITONOV and JURKA 2008; SAMBATTI et al. 2008; 
ALLAINGUILLAUME et al. 2009). A more complete transcriptome construction work will allow 
identifying more candidate genes potentially underlying ecotypic divergence.  
CONCLUSION 
 Over the last decade, we have witnessed a shift of studying evolution using model 
organisms to non-model organisms. This is catalyzed by the quick development of NGS 
technologies, which enable producing genomic resources within short term at affordable price. In 
practice, the application of NGS is quite diverse. For instance, NGS has been used to characterize 
transcriptome, to mine genomic markers, to profile gene expression, to find candidate genes and to 
identify nuclear variation and so on. However genome sequencing has been a daunting task for non-
model organisms, especially for non-model flowering plant species, partly because of their large 
size (the mean for flowering plant genome is 5.6 Gb) and partly because of the numerous genomic 
repeats (RABINOWICZ and BENNETZEN 2006) and ploidy level which not only pose difficulty to 
genome sequencing but also challenge genome assembly after sequencing (SCHATZ et al. 2012).  
 In this study, we sequenced transcriptomes for two ecotypes of S. lautus, an appropriate 
ecological speciation model species. Transcriptomes are smaller than genome and thus more 
tractable for sequencing. I tried out multiple de novo transcriptome assemblers and found that the 
Newbler package outperformed other programs. But results from different assemblers can 
complement each other and can be combined together into more complete assembly. Through 
comparing annotated transcriptomes for both ecotypes, I was able to identify positively selected 
candidate genes. The annotation of these candidate genes implicates a role that genes involved in 
organelle genomes function could have played to contribute to adaptive divergence. This finding is 
in line with several other studies (GALLOWAY and FENSTER 1999; GALLOWAY and FENSTER 2001; 
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KAPRALOV and FILATOV 2006; KAPRALOV and FILATOV 2007; KAPITONOV and JURKA 2008; 
SAMBATTI et al. 2008; ALLAINGUILLAUME et al. 2009).  
 Reduced representation libraries (RRLs) offer an alternative to complete genome 
sequencing that yield useful sequence data from large complex genome. In this paper, I used one 
such method called methylation filtration (MF) to target gene rich genomic regions of S. luatus 
genome. The rationale behind this method is that the hypomethylated fraction of plant genomes is 
usually enriched in genes (gene space, space occupied by genes in genome) and can be selectively 
cloned and sequenced. Except for MF, I also used Duplex-Specific thermostable nuclease from 
Kamchatka crab hepatopancreas (DSN enzyme) normally used for preparing normalized 
transcriptome library to further remove repetitive sequences from large gene families.  
 The main goal of this paper was to assemble the gene space for S. lautus. For this purpose, I 
tried two assembly strategies (SHA and Mix-assembly) with three different assemblers (Newbler, 
Ray and Velvet). The two strategies differ in whether assemble both 454 and Illumina data together 
or independently. The results demonstrate that heterogeneous input data could lead to mis-
assemblies. I found that SHA outperformed Mix-assembly. It is better to assemble 454 and Illumina 
data separately even though 454 data only accounts a very small proportion.   
Based on our estimation, I was able to recover 88.7% of all orthologous groups identified 
using genes from six well annotated plant genomes. The results from CEGMA estimation and gene 
prediction suggest that we probably have sequenced the full gene space of S. lautus genome. Even 
though still fragmented, these gene space sequences represent the first genome wide gene-mining 
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Table1.  Transcriptome assembly metrics. The basic assembly metrics include total number of 
non-redundant unigenes, the max unigenes length, N50 unigene length, number of unigenes longer 
than 1kb and total unigne size (bp). D: Dune Ecotype; H: Headland Ecotype; 2.3: Newbler2.3; 2.6: 
Newbler2.6; Final: All assemblies merged by CAP3. 






N50 Unigenes >=1kb Total 
assembly 
size 
DTrinity 2,698 3,539 463.27 557 115 1,249,904 
D2.3 6,391 6,668 677.82 739 847 4,331,944 
D2.6 4,949 4,188 632.68 692 507 3,086,584 
Doase 4,351 6,375 260.03 253 191 1,131,397 
DoaseSimu 169,000 3,353 325.67 440 3,041 55,037,605 
HTrinity 7,886 2,659 405.94 493 179 3,201,243 
H2.3 12,068 2,791 551.72 594 725 6,658,202 
H2.6 10,411 3,598 530.78 578 521 5,525,952 
Hoase 15,835 7,437 260.95 319 209 4,132,09 
HoaseSimu 348,532 2,707 258.22 326 1,906 89,996,789 
Final D 11,657 6,670 552.23 703 1,147 6,436,431 
Final H 32,272 7,437 408.94 513 1,126 13,212,590 
Final ALL 45,036 8,746 449.76 577 2761 20,255,409 
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Table2. Full-Lengther estimation of different transcriptome assembly. Full-Lengther is an 
algorithm, which is able to identify unigenes derived from full-length cDNAs, as well as unigenes 
potentially misassembled. Meanwhile, it also enables annotation through homologies found in 
reliable sequence database. Results shown in this table were obtained through running Full-
Lenghter with SwissProt and trEmbl plant species sequences database. 












DTritnity 1,498 259 813 52 1 0 
D2.3 6,391 2,251 5,314 286 2 7 
DoaseSimu 4,351 168 1,360 31 4 56 
D2.6 4,949 1,573 3,992 250 2 4 
HTrinity 6,086 738 2,937 286 15 1 
H2.6 10,411 2,503 7,256 656 10 2 
H2.3 12,068 3,080 8,594 740 13 3 
HoaseSimu 15,835 569 6,049 411 242 108 
Final D 11,657 2,994 7,842 408 7 67 
Final H 32,272 6,376 22,688 1,719 70 118 




Table3. Transcriptome assembly completeness estimation using Full-LengtherNext with 458 
CEGs. I used Full-Lengther rather than the CEGMA approach considering that transcripts are 
supposed to have simpler structure than genes. 
Assemblers Ecotypes No. of CEGs identified with 
blastx (e-value <=1e-20) 
CEGMA Full-lengther identified 
complete CEGs (1e-25) 










Headland 197 22 
Oases_0.2.04 Dune 5 1 
Headland 125 2 
Newbler 2.3 Dune 251 47 
Headland 289 60 
Newbler 2.6 Dune 229 40 
Headland 273 57 
Final  Dune 255 47 




Table4. Metrics of mix and step-wise-hybrid nuclear gene-space assemblies.  
Assembly No. Of 
Scaffolds 
Max Mean N50 No. Of 
scaffolds >1kb 
No. of bases % Bases 
in >1kb 
scaffolds  
RaySHA 2,351,311 44,374 179.03 175 9,976 420,965,150 4.1 
VelSHA 1,830,330 24,636 434.50 975 183,930 795,275,057 49.3 
RayMix 2,352,958 37,121 178.74 174 9,692 420,564,303 4.00 
VelMix 1,847,843 24,636 467.04 1103 203,073  855,367,130 52.61 
SuperSHA 2,433,458 62,650 361.53 815 185,278 879,758,612 45.3 
RaySHA: combined assembly of Ray31 and 454 assemblies. 
VelSHA: combined assembly of Vel57 and 454 assemblies. 
VelMix: assembly of all types of data using Velvet with a k-mer value of 57. 
Raymix: assembly of all types of data using Ray with a k-mer value of 31. 
SuperSHA:   results from combining VelSHA and RaySHA sequences having database hits that 
cannot be found in VelSHA.
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Table5. CEGMA completeness estimation of different nuclear genome assembly strategies.  
Completeness is measured as the number of complete ultra-conserved CEGs present in the genome; 
Partial stands for number of genes with in-complete ultra-conserved CEGs structure; The third 
column shows the correspondent number of orthologs hold by each detected CEGs in the genome; 
the last column are the number of CEGs identified based on homology search with TBLASTn at 
different significance value.  
Assembly Complete Partial Average Number of 
Orthologs per CEG 








Ray31 36 50 1.53, 2.06 426, 401, 284 
RaySHA  36 50 1.67, 2.08 457, 443, 331 
RayMix 34 50 1.53, 1.94 453, 441, 332 
Vel57 132 194 2.14, 2.94 453, 446, 402 
VelSHA 133 194 2.14, 2.94 458, 457, 435 
VelMix 130 194 2.07, 2.82 458, 458, 437 
SuperSHA 140 195 2,20, 2,99 458, 457, 435 
SuperMIx 134 195 2.22, 2.88 458, 458, 437 
Ray31: assembly of only Illumina data by Ray with a k-mer value of 31; 
Vel57: assembly of only Illumina data by Velvet with a k-mer value of 57; 
SuperMix: combined assembly using GAA to merge VelMix and RayMix.
69 
 
Table6. Mapping different assemblies to six plant species with whole genome sequenced. 
 
 
HNewbler: assembly of Headland reads by combining Newbler 2.3 and 2.6 assemblies. 
Assemblies Ath Gmx Vvi Ptr Cpa Osa Total No. of homologs 
 
 
Number of  
orthologs  
contained 
HNewbler 4,420 7,625 3,418 5,560 3,391 12,444 36,858 3,295 
Ray31 29,780  51,622 21,685  38,215 20,294 39,253 200,849 19,758 
RaySHA 29,782 51,636 21,681 38,212 20,302 41,725 203,338 19,902 
Vel57 31,021 53,516 22,388 39,659 21,206 44,474 212,264 20,619 
VelSHA 31,019 53,516 26,324 45,033 21,207 44,473 221,572 20,619 
SuperSHA 31,447  53,972 22,653 40,153  21,646 45,727 215,598 20,903 
RayMix 29,750 51,559 21,670 38,152 20,285 41,653 203,069 19,879 
VelMix 27,444 53,542 22,394 39,652 21,219 44,525 206,776 20,510 
SuperMix 30,943 52,989 22,334 39,420 20,814 43,020 209,520 20,647 
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Ray31: assembly of only Illumina data by Ray with a k-mer value of 31; 
Vel57: assembly of only Illumina data by Velvet with a k-mer value of 57; 
RaySHA: combined assembly of Ray31 and 454 assemblies. 
VelSHA: combined assembly of Vel57 and 454 assemblies. 
VelMix: assembly of all types of data using Velvet with a k-mer value of 57. 
Raymix: assembly of all types of data using Ray with a k-mer value of 31. 
SuperSHA: combined assembly using GAA to merge Vel57, Ray31 and 454 assemblies; 
SuperMix: combined assembly using GAA to merge VelMix and RayMix. 
Proteome size (number of protein sequences) of the six plant species used in this study:  
Arabidopsis thaliana (Ath): 35386 
Carica papaya (Cpa): 27793 
Glycine max (Gmx): 55787 
Oryza sativa (Osa): 66338 
Populus trichocarpa (Ptr): 45033 
Vitis Vinifera (Vvi): 26346 
There are 22860 orthologous groups among six plant species.
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Table7. Comparison of genome assembly strategies with only orthologous scaffolds across different assemblies. The names of assemblies are the 
same as those shown in table 4.  





N50  No. of bases 
NO. of bases in >1kb 
Scaffolds 
VelSHA 14,566 1,133.7 1,862 12,849 6,306 3,045 14,566,868 12,607,352 
VelMix 15,494 695.25 1,901 12,595 4,309 1,901 8,756,654 7,221,628 
RaySHA 44,374 156.74 123 12,842 128 3,314 2,012,821 389,214 
RayMix 37,121 200.61 302 12,080 58 2,805 2,423,333 268,305 
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Table8. Annotation of potential divergence genes identified through comparing two ecotypes.  











































































































































































Figure1. Senecio lautus hedland (left) and dune (right) ecotypes. 
Figure2. Transcriptome assembly strategies. All pyrosequencing data from transcriptome 
sequencing were used as input to four types of de novo assemblers. Outputs of all assemblers were 
then merged using CAP3 with stringent options: 98% identity, 80 bp overlap, segment pair score 
cutoff greater than 60. 
Figure3. Genome assembly strategies. Broadly, there are two assembly strategies. The left 
shows the so-called step-wise hybrid assembly (SHA), where each type of reads were assembled 
using specific assembler(s) and independent assemblies were then further combined and extended 
using a third-party assembler; the right shows what I called mix-assembly, where both data types 
were used as input data for de novo assemblers that are able to handle different sequence data, the 
final step also involves merging and extension with the help of the same assembler sued in SHA 
approach. 
Figure4. Cumulative unigenes length from different assemblies. The assembly shown here 
was produced from combining data from both ecotypes. For each of the assemblies, Contig length 
was ordered by length. The total number of Contigs and total length of that assembly defined the 
end point of each curve. The initial slope of each curve reflects the proportion of long Contigs. A 
better assembly usually has many long Contigs and thus bigger initial slope of the correspondent 
curve.  
Figure5. Venn diagram showing the shared and unique number of orthologs groups that 
each nuclear genome assembly contains. The orthologs groups were identified across six plant 
species’ complete proteomes.  
Figure6. Cumulative length distribution of nuclear orthologous scaffolds assembled 
using different strategies. The assembly shown here was produced from different strategies of 
nuclear genome assembly. For each of the assemblies, Scaffolds were ordered by length. The total 
number of Scaffolds and total length of that assembly defined the end point of each curve. The 
initial slope of each curve reflects the proportion of long Scaffolds. A better assembly usually has 

























Table S1. Raw data and filtered metrics.  D stands for dune ecotype and H for headland ecotype. And *.1 stands for sequences from 2010,*.2 for 
sequences from 2011. While *.T in the names implies normalized transcriptome sequencing, *.R refers to RNAseq sequencing. 
Sequencing platforms Sample Raw data  After Filtering  










D.1 71,570 41,960,084 71,570 28,199,861 
H.1 88,363 51,466,642 88,363 35,044,049 
D.T.1 81,533 35,823,527 81,533 13,418,599 
H.T.1 254,387 105,245,509 254,387 46,152,687 
D.2 31,148 15,523,668 31,148 10,812,880 
H.2 23,102 11,379,374 23,102 7,843,272 
D.T.2 152,630 70,794,316 152,630 29,567,634 
H.T.2 NO NO 413,135 82,501,480 
D.R 22,993 11,785,934 22,993 8,271,503 
H.R 13,251 6,841,407 13,251 4,630,259 
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Gene Space H 655,475,636 65,859,560,666 608,824,106 47,106,545,382 
RADseq 1 Multiple populations 6,519,621 407,362,244 63,401,378 4,691,701,972 
RADseq 2 Multiple populations 80,314,473 8,192,076,246 6,519,621 407,362,244 
**** sff file for 2011 Ch is missing.
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Table S2. Assembly metrics of 454 genomic sequences. Pyrosequencing data for both ecotypes 
was assembled using Newbler 2.3 and Newbler 2.6.  
Software Ecotype Max 
Length 
Mean N50 >1kb Size Name
s 
Newbler 2.3 Dune 27,565 596.38 677 463 (748,156) 2,910,333 D2.3 
Newbler 2.3 Headland 6,858 573.86 655 508 (729,745) 3,178,606 H2.3 
Newbler 2.6 Dune 27,564 724.66 818 452 (761,258) 2,103,676 D2.6 
Newbler 2.6 Headland 7,954 683.06 786 519 (776,677) 2,303,295 H2.6 
Merge 
(CAP3) 
Headland 9,304 615.16 713 884 (1,287,109) 4,640,794 Hfinal 
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Table S3. CEGMA estimation of 454 genomic sequences assembly. 







D2.3 6 21 144, 126, 103 
D2.6 4 14 110, 90, 73 
H2.3 4 9 110, 102, 72 
H2.6 4 7 104, 92, 60 
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Max Mean N50 NO. Of 
scaffolds >1kb 
Total % Bases 
in >1kb 
scaffolds  
Ray 19 434,879 6,095 140.75 132 24   61,208,399 0.61 
Ray 21 1,180,220 11,478 159.85 151 3,406 188,654,426 3.00 
Ray 25 1,747,254 23,851 177.46 172 7,590   310,073,366 4.54 
Ray 27 1,947,110 24,004 179.17 174 8,716 348,870,132 4.51 
Ray 31 2,350,086 37,121 178.87 175 9,891   420,369,746 4.07 
Ray 35 2,823,021 37,121 175.95 171 10,144   496,699,410 3.40 
Ray 37 3,095,253 37,121 174.11 169 10,294   538,912,912 3.10 
Ray 43 3,877,887 44,163 167.59 161 8,110   649,904,698 1.96 
Ray 49 4,690,505 37,121 159.96 145 5,338   750,285,214 1.09 
Ray 51 5,502,837 44,271 151.78 145 4,436   835,243,780 0.80 
Ray 61 6,799,679 35,514 139.18 131 1,182   946,367,904 0.20 
Ray 65 7,115,431 45,689 132.50 126 657   942,790,236 0.13 
Velvet 47 1,909,263 40,572 419.58 954 183,137   801,598,518 48.81 
Velvet 49 1,874,501 35,014 430.23 998 185,796   806,474,793 49.96 
Velvet 51 2,261,649 24,633 404.98 1030 206,607  915,918,372 50.74 
Velvet 53 2,103,840 27,660 427.98 1,068 206,745   900,396,861 51.64 
Velvet 55 1,965,259 24,634 448.45 1,093 206,026   881,316,395 52.31 




Velvet 59 1,874,507 20,351 435.35 947 185,409   816,064,869 48.64 
Velvet 61 1,807,757 22,176 450.31 947 187,056   814,055,082 48.59 
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Table S5. Mix-assembly of nuclear genome assembly (i.e., assembly all types of reads using RAY and VELVET). The rows in boldface are the 







Mean N50 >1kb (bp) Total % of bases in long 
scaffolds 
Ray 23 1,522,968 22,058 172.09 165 5,857 (10,782,873) 262,092,499 4.11 
Ray 27 1,942,261 28,808 178.79 174 8,406 (15,187,373) 347,260,647 4.37 
Ray 31 2,352,958 37,121 178.74 174 9,692 (16,786,643) 420,564,303 4.00 
Ray 35 2,826,359 38,896 175.79 171 9,966 (16,610,332) 496,850,702 3.34 
Ray 37 3,093,262 37,121 173.68 169 9,865 (16,117,217) 537,226,164 3.00 
Ray 43 3,888,185 52,429 167.49 161 8,059 (12,649,197) 651,247,990 1.94 
Ray 49 4,702,731 37,121 160.21 153 5,426 (8,235,038) 753,420,174 1.09 
Ray 53 5,834,164 55,332 149.65 142 3,615 (5,425,523) 873,075,537 0.62 
Ray 57 6,372,527 62,969 145.06 137 2,211 (3,303,671) 924,419,801 0.36 
Ray 61 6,861,013 56,248 140.36 132 1,200 (1,884,754) 959,570,033  0.20 
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Ray 71 7,937,539 49,800 127.34 122 273 (700,774) 1,010,769,860 0.10 
Velvet 39  1,848,580 58,636 393.01 777 160,159 (309,523,536) 726,511,349 42.60 
Velvet 45 1,957,062 77,349 428.85 970 194,334 (413,186,418) 839,277,886 49.23 
Velvet 49 1,895,077 35,014 452.22 1071 201,443 (444,011,649) 856,985,887 51.81 
Velvet 51 2,266,848 24,633 395.66 966 205,420 (449,520,041) 914,667,554 49.15 
Velvet 53 2,122,609 24,632 415.80 997 205,935 (449,280,261) 899,761,451 49.93 
Velvet 55 2,019,539 24,634 435.81 1,022 204,878 (445,327,938) 880,143,244 50.60 
Velvet 57 1,847,843 25,149 462.60 1079 203,009 (445,056,185) 854,806,850 52.07 
Velvet 59 1,991,875  20,771 466.65 1071 218,479 (481,694,940) 929,508,254 51.82 
Velvet 61 1,850,299 24,772 482.79 1066 213,101 (462,472,737) 893,307,650 51.77 
92 
 
Table S6. Simple metrics for assemblies (Contigs) accounting for diploidity and genomic polymorphism. Results from Velvet were used as 
reference for comparison. 








BASES IN >1KB 
CONTIGS 
ASSEMBLY SIZE 
dipSpades 27,866 460 674,821 28,221 187,348 43,587,129 288,795,836 
SGA 53,462 589 1,245,526 115,963 285,496 199,328,454 653,724,996 
Velvet 17,699 702 1,098,141 132,242 248,509 209,139,660 611,573,972 
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Table S7. Simple metrics of Scaffolds produced by different assemblers. 
Assembly Max 
Scaffolds 





Scaffolds In N50 
Bases IN >1KB 
Scaffolds 
Assembly Size 
dipSpades  27,866 572  769,833 30,057 163,472 47,839,427 267,595,436 
SGA  53,462 675 1,159,808 127,305 229,546 241,349,527 649,244,743 
Velvet  24,636 1,338 817,299 391,566,885 127,837 391,566,885 654,818,350 
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Table S8. Metrics of results generated by LRS working on different sets of Contigs. 
Assembly MAX 
Scaffolds 







Base In >1KB 
Scaffolds 
Assembly Size 
dipSpades  5,743 334 586,957 11,855 187,014 16,818,104 203,379,256 
SGA  53,462 616 1,208,512 119,278 260,757 217,651,816 9653,724,96 
Velvet  17,699 751 1,047,580 135,519 218,656 234,117,761 611,573,972 
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Table S9. Scaffolds improved by LRS. Using L_RNA_Scaffolder to further improve scaffolds produced by different assemblers. 





Base In >1KB 
Scaffolds 
Assembly Size 
dipSpades  28,966  585 760,985  29,433 147,994  46,006,307  67,595,436 
SGA  53,462 721 1,119,661 128,833 205,972 259,552,774 649,244,743 




Table S10. Transcripts coverage of different assemblies (Contigs) (2277687 transcripts). 
  Transcripts with 
BLAT entry  










dipSpades 1,025,107 394,040,460 448,558 267,734 39,023 
SGA 1,113,477      537,307,028        462,777          697,268             166,892 
SGAscaffold 1,098,099 533,682,474 478,657 660,869 189,624 
VelvetContig 1,146,184 559,041,443 466,657 578,005 178,885 




Table S11. Organelle sequences annotation. 
 Number of tRNA  Number of rRNA Number of protein coding 
genes 
Chloroplast   28  4  94 
Mitochondrial   29  4  87 
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SUPPLEMENTAL FIGURE LEGENDS 
Figure S1. Map of Dune ecotype Chloroplast derived from comparison with Cuscuta 
gronovii chloroplast genome. I chose C.gronovii chloroplast genome as the reference genome is 
because it has more BlastX hits with our chloroplast genome compared with other chloroplast 
genomes from CGView database. The outermost two rings show features extracted from the 
reference genome GenBank file. The next two rings show positions of blast hits of the chloroplast 
sequence against itself and the amino acid sequences of S.lautus chloroplast protein against the 
reference genome. The self-comparison is used to highlight enriched sequences and to reveal 
sequences removed by the low-complexity sequence filter. The height of each arc in the BLAST 
results rings is proportional to the percent identity of the hit. Overlapping hits appear as darker arcs. 
The next two rings show GC content and GC skew. Each is plotted as the deviation from the 
average for the entire sequence. 
Figure S2. Headland ecotype chloroplast genome drawn by CGView based on 
comparison with Cuscuta gronovii plastid genome.  All identified functional components are 
shown. The rings are the same as explained in Figure 2. 
Figure S3. Dune ecotype mitochondria genome drawn using CGView based on 
comparison with Arabidopsis thaliana mitochondria genome. The outermost two rings show 
features extracted from the A. thaliana mitochondrial genome GenBank file. The next two rings 
show positions of blast hits of the mitochondrial sequence against itself and the amino acid 
sequences of S.lautus mitochondrial protein against the reference genome. The self-comparison is 
used to highlight enriched sequences and to reveal sequences removed by the low-complexity 
sequence filter. The height of each arc in the BLAST results rings is proportional to the percent 
identity of the hit. Overlapping hits appear as darker arcs. The next two rings show GC content and 
GC skew. Each is plotted as the deviation from the average for the entire sequence. 
Figure S4. Headland ecotype mitochondrial genome created using CGView based 
comparison Zea mays mitochondrial genome. The rings are the same as explained in Figure 3 
except that the reference mitochondrial genome is Z. mays 
Figure S5. Chloroplast genome structure assembled from both ecotypes. 
Figure S6. Mitochondrial genome structure assembled from both ecotypes.  
Figure S7. GO terms distribution shown across both ecotypes. The bar plot was created 
using the web tool, WEGO. The red bars represent GO terms detected in Dune ecotype 







Figure S2.  
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SENECIO LAUTUS REFERENCE TRANSCRIPTOME RECONSTRUCTION 




Background  Transcriptome sequencing (RNAseq) has become the first choice for studies 
using non-model organisms especially for those with large genomes. It allows gene discovery, 
differential expression and even population genomics and phylogenomic analyses. However, 
transcriptome reconstruction is still a major hurdle, which if not overcome would affect the 
downstream analyses. Even though different de novo assemblers have been developed for 
transcriptome reconstruction, none of them alone can accurately and completely recover the target 
transcriptomes.  
Results  In the present study, to maximize transcriptome reconstruction for Senecio lautus 
through combining multiple de novo assemblies, I tried multiple assemblers, with three of them, i.e., 
Oases, Trans-ABySS, SOAPdenovo-Trans allowing changing k-mer sizes and Trinity with single 
fixed kmer. I evaluated different assemblies in terms contiguity, completeness and accuracy and 
found that different assemblers have different performances across comparisons. In general, Oases 
outperformed others. By examining transcript length and expression levels, I found very weak 
transcript length bias existed, indicating good assembly quality. Through exploring the transcripts 
uniquely assembled by different assemblers, I found that most of them have low expression levels. 
This implies that the ability to assemble lowly expressed genes is the major determinant of 
assembling capacity. The combination of all independent assemblies can bring about the most 
complete transcriptome assembly in terms of the number of recovered genes. But the combination 
process also introduced errors and redundancy. Using simulated data based on well-annotated 
Arabidopsis thaliana transcriptome, I examined how assembly methods and redundancy reduction 
could affect downstream analyses, such as the identification of gene families and genome 
duplication inference. The results suggested that redundancy reduction based on expression level 
and relative transcripts length are more effective than based on coding sequence similarity.  
Conclusion The results of assembly evaluation demonstrated that the ‘wide spectrum’ 
strategy by using multiple assemblers together with diverse parameter space could maximize the 
number of reconstructed genes. However, the merging process introduced redundancy and even 
errors. Therefore, it is necessary to perform redundancy reduction after assembly. I found 
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redundancy reduction based on expression level and relative transcripts length is favored compared 
with filtering based on coding sequence similarity. The optimal transcriptome assembly that I 
developed will help shaping up an ecological speciation model species and also provided a 
framework for developing transcriptome for non-model organisms. 
Keywords: RNAseq, Next Generation sequencing, SOAPdenovo-Trans, Oases, Trans-Abyss, 





NGS technologies have made genome-scale studies accessible to individual laboratories. 
Although most model species can rely on reference genome to reconstruct transcriptomes, non-
model species have to rely on de novo assemblies. 
It is challenging to achieve an ideal reconstruction of plant transcriptome with maximized 
number of full-length transcripts, minimized mis-assemblies and correctly distinguished close 
paralogous sequences due to gene duplications at both local and global scale, which have been 
found common in the history of plant genome evolution (DE BODT et al. 2005; CUI et al. 2006; VAN 
DE PEER et al. 2009; JIAO et al. 2011; VIJAY et al. 2013). Since sequences of high similarity could 
have complementary and even different functions (IZAWA et al. 2002; JONES et al. 2006), it is very 
important to distinguish highly similar but distinct transcripts. The presence of transcript isoforms 
makes this task even more formidable.  
Another challenge for assembling RNAseq data comes from its non-uniform characteristics 
due to differential gene expression. However, studies have shown that invoking a wide range of 
assembly parameters like k-mer values for de Bruijn Graph based assemblers can improve assembly 
quality (ROBERTSON et al. 2010; GRUENHEIT et al. 2012; HAZNEDAROGLU et al. 2012; SCHULZ et al. 
2012). Another notable finding is that different assemblers have specific optimal assembly 
parameters and are good at reconstructing different components of the transcriptome (KUMAR and 
BLAXTER 2010; ZHAO et al. 2011; VIJAY et al. 2013; YANG and SMITH 2013). For instance, 
TransABySS and Trinity are relatively better at assembling low or high expression genes, while 
Oases seems to perform well on a wide range of expression levels (ZHAO et al. 2011; SCHULZ et al. 
2012).  
Additionally, de novo assembly of RNAseq has also been reported to produce chimeric results 
(GINGERAS 2009; SCHREIBER et al. 2012; YANG and SMITH 2013), which would affect assembly 
accuracy. 
In the present study I aimed at establishing a reference transcriptome for S. lautus by combing 
results generated by multiple de novo assemblers. These assemblers include Trinity, Oases, 
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TransAbyss and SoapTrans. For the later three assemblers, I tried various k-mer values to maximize 
assembly completeness. I used TGI Clustering tools (TGICL) (TGICL) (PERTEA et al. 2003) to 
merge different assemblies. TGI automatically cluster large amount of ESTs or mRNA datasets 
using a slightly modified NCBI’s megblast (ZHANG et al. 2000), and then assembles clusters using 
CAP3 (HUANG and MADAN 1999). I then used the EvidentialGene tr2aacds pipeline 
(http://arthropods.eugenes.org/genes2/evigene/) to remove redundancy introduced by the merging 
process. The EvidentialGene pipeline works by comparing coding sequences (CDS) identity to 
determine redundancy to be discarded. I used a series of indexes to evaluate results from different 
assemblies and those after redundancy reduction in terms of assembling completeness, accuracy, 
contiguity, ability to recover transcripts with variable expression levels and that of distinguishing 
close paralogs. Moreover, considering that Transcriptome data has been frequently used for 
inferring genome duplication through constructing age distribution (BLANC and WOLFE 2004; 
SCHLUETER et al. 2004; MAERE et al. 2005; PFEIL et al. 2005; STERCK et al. 2005; CUI et al. 2006; 
BARKER et al. 2008; SHI et al. 2010; JIAO et al. 2012; SVEINSSON et al. 2014), I also evaluated the 
assemblies based on their performance of recovering gene families and genome duplication events. 
Since S. lautus does not have a well-annotated reference genome or transcriptome, I simulated NGS 
reads from model plant species – Arabidopsis thaliana and did assemblies with the same programs 
and parameters. I then constructed gene families and inferred genome duplication events, which 
were then subject to comparisons with already known gene families and genome duplication 
information.  
MATERIALS AND METHODS  
Sampling and Sequencing  
The Senecio lautus Headland ecotype plants were grown in a glasshouse under natural light 
conditions and temperature was controlled to 22℃during the night (6:00 pm-6:00am) and 25℃
during the day (6:00 am-6:00pm). After flowering, plants were pruned to stimulate many shoot tips. 
Approximately two weeks after pruning, shoot tips with leaves smaller than 2 mm, flowers and 
fully expanded laves from two single plants was collected for subsequent RNA extraction using 
TRIzol. Total RNA was quantified using a NanoDrop (Thermo Fisher Scientific, Waltham, USA) 
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and quality was checked using a bioanalyzer (Agilent technologies) at the Australian Genome 
Research Facility (AGRF). Only samples with RNA integrity number > 6.5 and a 28S:18S > 1.0 
were further processed. Pair-end sequencing library (with insert length of 200bp) was constructed 
with the TruSeq RNA Sample Preparation Kits and sequenced with Illumina HiSeqTM 2000 
platform at BGI, Shenzhen. 
Reads correction and filtering 
There are two broad ways of addressing sequencing errors. One is error filtering/trimming. 
The other one is error correction, which has recently been introduced as a method of NGS raw data 
processing. In the present study I chose SEECER (LE et al. 2013) to correct potential sequencing 
errors in our dataset before transcriptome assembly.  
De novo assemblies 
I chose four de Bruijn Graph assemblers that have been widely used for transcriptomes 
assembly. Three of them, i.e., OASES (SCHULZ et al. 2012), SOAPdenovo-Trans (XIE et al. 2013) 
and Trans-ABySS (ROBERTSON et al. 2010) allow trials with multiple k-mers. The fourth assembler 
- Trinity (GRABHERR et al. 2011) is the only one that has a fixed k-mer value (k=25). For multiple 
k-mer assemblers, I choose k-mer sizes from 23 to 63 at step length of 2 to expand the parameter 
space.  
Oases, Trans-ABySS have their own way to merge multiple k-mers. However, to make sure 
the following comparisons are made on the same basis. I used TGICL package to combine multiple 
kmer assemblies. I used strict options (-O “-o 100 –p 99”) to avoid introducing errors. 
Combination using TGICL would introduce redundancy as a result of bringing together all 
isoforms and homologous sequences generated by different assemblers. I used EvidentialGene 
pipeline (developed by Don Gilbert, available at 
http://arthropods.eugenes.org/EvidentialGene/about/EvidentialGene_trassembly) to remove 
redundancy. This pipeline uses fastanrdb (SLATER and BIRNEY 2005), cd-hit-est (HUANG et al. 2010) 
and BLASTn (ALTSCHUL et al. 1997) to identify and discard identical sequences or sequences of 
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high identity but with identical CDS. Since CDS is the primary quality of transcriptome, this 
method is supposed to effectively identify and remove redundancy.  
Assembly assessment  
Contiguity comparison 
I first compared independent assemblies in terms of basic assembly metrics including the 
number of long sequences (>1kb), assembly size, N50 and etc. These metrics are used to evaluate 
assembly contiguity. 
Number of potential open reading frames (ORFs) recovered 
One of the most popular applications of RNAseq is to recover gene sequences. I used the 
Trinity plugin - TransDecoder to identify ORFs (open reading frames) and Orthomcl (v1.4) (LI et al. 
2003) to determine the orthologous groups among all assemblies. I then compared the number of 
orthologous groups that each assembly reconstructed.  
Potential Full-length transcripts and mis-assemblies 
I used Full-Lengther (LARA et al. 2007) to identify the number of full-length transcripts 
included in each assembly. This pipeline uses SwissProt and TrEMBLE (BAIROCH and 
BOECKMANN 1991) protein sequences as reference database, which are well-known as high quality 
protein resources (O'DONOVAN et al. 2002). Full-Lengther allows identifying full-length transcripts 
as well as predicting potential mis-assemblies and novo genes. The number of identified full-length 
transcripts reflects both assembly contiguity and accuracy.  
Assembly completeness evaluation 
I used the number of reconstructed Core Eukaryotic Genes (CEGs) to measure assembly 
completeness. Specifically, the 458 Core Eukaryotic Genes (CEGs) detected by CEGMA pipeline 
(PARRA et al. 2007), was queried using BLASTx (ALTSCHUL et al. 1997) and the results were 
analyzed using analyze_blastPlus_topHit_coverage.pl 
(http://trinityrnaseq.sourceforge.net/analysis/full_length_transcript_analysis.html), a script included 
in Trinity package to estimate the number of full-length CEGs included in each assembly. In the 
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present study full-length transcripts are defined as the ones covering at least 90% of a hit protein 
sequences in transcript-protein alignments. 
Feature response curves (FRCs) based evaluation 
FRCurves have been used to evaluate the trade-off between assembly contiguity and 
completeness (NARZISI and MISHRA 2011). Here I used FRC
bam
, a tool capable of evaluating de 
novo assemblies from read-layouts even when reference does not exist (VEZZI et al. 2011). The bam 
format (LI et al. 2009) alignment files needed by FRC
bam
 were produced by aligning all reads back 
to different assemblies using Bowtie2 (LANGMEAD and SALZBERG 2012). As output of FRC
bam
, 
FRCs features were plotted using R (R Development Core Team, 2008). 
Evaluation of assembly strategies based on genome duplication analyses using simulated 
data 
Transcriptome data has been frequently used for inferring genome duplication through 
constructing age distribution (BLANC and WOLFE 2004; SCHLUETER et al. 2004; MAERE et al. 2005; 
PFEIL et al. 2005; STERCK et al. 2005; CUI et al. 2006; BARKER et al. 2008; SHI et al. 2010; JIAO et 
al. 2012; SVEINSSON et al. 2014). Even though all of these studies used transcriptome data sets, the 
earlier ones used ESTs sequences generated by traditional Sanger sequencing while the recent ones 
used transcriptome data generated by NGS technologies. For NGS generated data, the assembly 
process is more challenging due to the short length of NGS reads as well as the complexity of 
eukaryotic transcriptomes. Transcriptome sequencing has also been increasingly used for 
phylogenomics and population genomics (WIT et al. 2012; YANG and SMITH 2013), comparative 
genomics study (CHAPMAN et al. 2013) there is a need to control the quality of transcriptome data, 
especially to correctly distinguish paralogous sequences. For instance, in population genomics 
analyses, the existence of paralogs would make SNPs significantly deviate from HWE. 
Distinguishing paralogs and orthologs is also critical to phylogenetic construction and comparative 
genomics studies. Therefore, I evaluated the potential effect of different assemblies (by different 
assemblers and assembly parameters) could incur on paralogs discrimination. 
114 
 
Given that different assemblers would differ in the ability to accurately reconstruct isoforms 
and homologous sequences, it is hard to choose among assemblers for non-model organisms. Here I 
used simulated data to test different assemblers in terms of their effects on gene family 
reconstruction. 
I simulated Arabidopsis thaliana Illumina RNAseq reads using Flux-simulator (GRIEBEL et al. 
2012). The simulation parameters are NB_MOLECULES (Number of RNA molecules initially in 
the experiment): 5000000; SIZE_DISTRIBUTION (Gaussian distribution of fragment size as 
N(Mean, Standard deviation)): N(300,30); READ_NUMBER (Total number of reads to be 
simulated): 4000000; READ_LENGTH: 76; PAIRED_END: YES; ERR_FILE (Inbuilt Illumina 
error model for 76nt reads): 76 and the genome sequence and annotation files for TAIR10 were 
downloaded from ftp://ftp.arabidopsis.org/home/tair/Genes/TAIR10_genome_release.  
After assembly, I chose representative transcripts for each assembly by following methods 
proposed by YANG and SMITH (2013). I also tried the above-mentioned methods to combine 
assemblies and check the results in terms of assembly redundancy and influence on genome 
duplication inference. 
I assembled simulated data using the above mentioned assemblers and assembling strategies. 
To evaluated the assembly qualities, I used megablast (ALTSCHUL et al. 1997) to map independent 
assemblies to genomic regions where simulated reads come from and calculated the number of 
transcripts that each assembly recovered and the number of full-length transcripts that each of them 
constructed.  
To reconstructed gene families, I first mapped assembled transcripts back to Arabidopsis 
thaliana protein sequences using blastx and mapped the nuclear sequences with correspondent best 
protein sequences using Genewise (BIRNEY et al. 2004) to determine coding sequences and 
translations. I then did self-blastp (ALTSCHUL et al. 1997) and used mcl (ENRIGHT et al. 2002) 
pipeline to determine gene families from each assembly and then calculated ks values for all 
potential paralogous pairs. The proportion of close paralogs (ks<0.1) (LAI et al. 2012) was used as 
another index to compare different assemblies. I also used an in-house Perl implemented single-
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linkage-clustering algorithm (as described by BLANC and WOLFE (2004)) to construct gene families 
so as to look at the family-wise duplication ages. 
Gene families reconstruction for S. lautus  
I first used balstx (evalue<1e-6) to find best protein sequences matches from SwissProt and 
TrEMBL and then used Genewise to determine open reading frames. For transcripts without 
database matches, I used TransDecoder included in Trinity utilities to determine their CDS and 
protein sequences. I then followed the same steps mentioned above for gene family construction. 
Detecting transcript length bias in differential expression (DE) analyses 
Using Bowtie2 and RSEM (LI and DEWEY 2011), I mapped back reads to each assembly and 
quantified expression levels for transcripts constructed by different programs. I evaluated transcript 
length bias by exploring the relationship among transcript length and expression levels.  
Annotation of final assembly 
Sequences with protein matches from SwissProt and TrEMBL are annotated with the 
correspondent functional information. The sequence identifiers were converted into Gene Ontology 
ID (GO ID). I also assigned Plant Ontology terms to the final assembly through BLASTx querying 
Arabidopsis thaliana genes. The correspondent PO and pathway information for A. thaliana 
(downloaded from TAIR) was assigned to S. lautus sequences.  
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RESULTS AND DISCUSSION  
Reads processing 
The raw output of Illumina sequencing platform produced 40,020,620 pair-ended 90bp reads. 
It is well known that sequence errors, if not properly processed, would affect assembly 
accuracy and downstream analyses. De novo assembly is a process of approximate computation, 
which is impeded by random variation in sampling and sequence errors (MBANDI et al. 2014). 
Sequence errors will introduce wrong k-mers, increasing graph complexity and consequently the 
computational resources and time (MACMANES and EISEN 2013). However, it is difficult to 
distinguish between sequencing errors and real biological variations for non-model organisms 
where reference sequences are unavailable. There are two broad ways of addressing sequencing 
errors: error filtering/trimming and correction. Quality score based trimming methods are 
predominantly used, but it is often subjective and leads to loss of data and breaking pair-end 
information. Error correction has recently been introduced, with some software packages developed 
for genome sequencing reads error correction, e.g. ALLPATHS-LG (GNERRE et al. 2011), QUAKE 
(KELLEY et al. 2010), SGA (SIMPSON and DURBIN 2012), REPETIL (YANG et al. 2010), ECHO 
(KAO et al. 2011), SOAPdenovo (LUO et al. 2012) and some others available for transcriptome 
sequencing reads error correction, e.g., SEECER (LE et al. 2013), BLESS (HEO et al. 2014) and 
Hammer (MEDVEDEV et al. 2011).  
In the present study I chose SEECER to correct potential sequencing errors in our dataset 
before transcriptome assembly. After error correction, I had a total of 5,601,408,070 nucleotide 
bases contained in 80,041,240 sequences. I also did quality-trimming using a quality threshold of ‘a 
window of 15 bp with an average quality score (Phred scale) no less than 15’, resulting into 
5,054,904,436 bases in 120,279,716 reads. Thus, compared with error correction based method, 
quality trimming would have caused a loss of input of 546,503,634 nucleotides bases, which could 





To evaluate assembly performance of multiple de novo assemblers over variable parameters 
(mainly k-mers) and develop an as complete and accurate reference transcriptome as possible, I 
need to do comparisons based on independent k-mer based assemblies and combined assemblies.  
Augmenting different assemblies enables recovering as complete results as possible. 
Nevertheless, it is also necessary to consider the effect this process could have exerted on the 
downstream analyses. The major concern is over isoforms of the same loci and those from 
paralogous sequences, which could complicate population genomics, phylogenomics and 
expression analyses. Therefore, the ability to accurately distinguish close paralogs and identify 
isoforms will affect both the merging process and the downstream analyses.  
Assembly contiguity assessment   
For all comparisons that will be made in this section, I used only sequences that are at least 
200bp long. 
Considering that Trinity uses fixed k-mer value assembly, I am interested in the performance 
of different assemblers with the same fixed k-mer value. I calculated some basic assembly metrics 
including ‘Max sequence length’, ‘Number of long sequences’, ‘N50’, ‘Assembly size’ as shown in 
Table 1. Results in Table 1 show that all metrics except for the first two metrics, i.e., ‘longest 
sequence’ and ‘N50’ increase from the left to right columns implying improvement of assembly 
contiguity. To more intuitively demonstrate this, I plotted the cumulative sequence length in Figure 
1. Lines in Figure 1 differ in terms of both initial slope and end point. A steep slope implicates 
larger proportion of long sequences. The end points represent total assembly sizes. Oases assembly 
(OAS) has the steepest slope followed by SOAPdenovoTrans (SOA), Trinity (TRI) and 
TransABySS (TRA) suggesting OAS assembly has the largest proportion of long sequences. In 
violent contrast to other assemblers, TransABySS assembly has a very small assembly size and 
lower percent of long sequences while short sequences (<200bp) account for 62% of TRA assembly. 
Therefore, TRA assembly is the most fragmented one. 
I also made comparisons based on results from combining multiple k-mer assemblies. The 
same set of assembly statistics were calculated and shown in Table 2. It is obvious that OAS 
118 
 
outperforms the other two multiple-k-mer assemblers. I noticed that the number of long sequences 
(>1kb) increases for all assemblies, especially for TRA assembly. The increase of total assembly 
sizes for all assemblies suggests different k-mers can re-construct different parts of the true 
transcriptome. But it can also be explained by the introduction of redundancy from different sources. 
Similarly, I also plotted the cumulative length distribution for different assemblies as shown in 
Figure 2. I noticed that the distributions are more compact compared with those in Figure 1. This is 
mainly due to the improvement in TRA assembly through combining multiple k-mers results. 
Similarly, TRI and SOA distributions also get closer mainly due to the first 35,000 longest 
sequences are not easily distinguishable.  
To further remove redundancy, I ran EvidentialGene pipeline to process results from TGICL 
combined multiple k-mer assemblies. The results of basic metrics were shown in Table 3 and the 
graphic representation of accumulative sequence length distribution was shown in Figure 3. OAS 
assembly still outperforms others and the relative position of different sequence accumulative 
length distributions have not changed. But it is noticeable that in general the difference among all 
four sets of assemblies was further reduced. 
Assembly completeness and accuracy estimation 
Since one of the major goals of RNAseq is to re-construct as many genes as possible, I used 
completeness estimation as one index to evaluate the performance of different assemblers.  
The number of (partial/full-length) CEGs is a rough estimate of assembly completeness of 
gene spaces. Assembling completeness assessment using 458 Core Eukaryotic Genes (CEGs) was 
performed using Blastx and a Perl script analyze_blastPlus_topHit_coverage.pl 
(http://trinityrnaseq.sourceforge.net/analysis/full_length_transcript_analysis.html), which is 
included in Trinity utilities. This evaluation was done for every single k-mer assembly and then for 
the combined assemblies.  
I plotted the number of CEGs and that of full-length CEGs reconstructed by each single k-mer 
(23<=k<=63, step size=2) assembly in Figure 4. Figure 4 (a) shows the number of all CEGs that 
was covered by different assemblers with different k-mers. It demonstrates that for OAS and SOA 
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assemblies, the relationship between number of identified CEGs and k-mer values are almost 
uniform, i.e., varying k-mer values does not affect the number of CEGs that can be recovered. It is 
noticeable that, OAS and SOA also recover almost all CEGs with different k-mers. Nevertheless, 
the number of CEGs recovered by TRA assemblies is indeed affected by k-mer values. It does not 
recover all CEGs until k-mer values increases to a certain number (k=47). Figure 4 (b) shows the 
number of full-length CEGs recovered by different k-mer assemblies. I found that both OAS and 
SOA can reconstruct more full-length CEGs than TRA. Besides, the number of full-length CEGs is 
clearly dependent on k-mer values.  
I summarized CEGs identified across different k-mers in Table 4. Obviously, trying out 
multiple k-mers can recover all CEGs and most of which can be reconstructed into full-length. 
Therefore, various k-mers can reconstruct more complete results in terms of both gene numbers and 
gene length. I also noticed that even though Trinity uses only one fixed k-mer, it is able to 
reconstruct more full-length CEGs than TransABySS. 
Considering that RNAseq assembly by different assemblers could capture different functional 
components of the real transcriptome, it is more straightforward to compare the genes recovered by 
different programs. I did this through two approaches. The first one is to use Full-Lengther pipeline 
to estimate the number of transcripts that have homologous hits in SwissProt and TrEMBL protein 
database, FullLengther was able to estimate transcriptome assemblies in terms of number of 
orthologous hits in database, full-length transcripts, and misassembled transcripts. The results were 
shown in Table 5. I noticed that OAS assembly still outperforms others even though it also 
produced much more potential ‘Misassembled’ transcripts than the other programs. It is also notable 
that Trinity assembly performed better than SOA and TRA by producing more full-length 
transcripts and very few ‘Misassemblies’. But SOA and TRA have more homologous hits in the 
database than TRI assembly suggesting the former two produce more fragmented results than TRI. 
Treating assemblies from different programs as transcriptomes of different species allows me to 
calculate the number of orthologous groups (gene families) that is unique to each assembly and 
those that are common to all. I identified 10,783 ‘gene families’. The amount of gene families 
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recovered by each assembly was shown in a ven diagram in Figure 5. It shows that OAS and TRI 
have more unique results, which may imply better assembly completeness.  
FRCurves based Assessment 
Feature response curves of all assemblies were shown in Figure 6. When all features are 
considered, the FRCurves are very close to each other. However, there is still a clear 
OAS>SOA>TRI>TRA pattern as observed in comparisons based on other criterion. This suggests 
that Oases multiple k-mer assembly outperform others in terms of general assembly quality.  
Transcript abundance analysis 
As differential expression analysis is one of the major applications of RNAseq and 
considering that non-uniform expression levels complicate de novo assembly, I examined the range 
of expression level that can be recovered by different transcriptome reconstruction methods. With 
one-way analysis of variance, I found that transcriptome reconstructed by different programs cover 
different expression levels (df=3, F=211.23, p=2.2e-16). The actual range of expression levels that 
recovered by different assemblers were shown in Figure 6. Figure 7 (a) shows the distribution of 
gene expression levels for only full-length transcripts and Figure 7 (b) shows that for all transcripts. 
Both graphs suggest that TRA has recovered the narrowest range of expression levels.  
Even though differential expression analysis is of inherent interest, a previous study found 
that transcript length bias exists in RNAseq data (OSHLACK and WAKEFIELD 2009). That means the 
statistical power to detect differential expression is function of gene length with more power to 
detect DE for long genes. Therefore, I surveyed the relationship between gene expression levels and 
effective transcripts lengths using Pearson correlation analyses. The correlation coefficients for 
OAS, SOA, TRA and TRI were calculated and the results are shown in Table 7 and the graph 
showing distribution of expression level against transcript length were shown in Figure 8. Even 
though I distinguished between the complete transcripts and full-length transcripts, I still found very 
weak correlation between transcript length and expression level. This is possible because the raw 
data is of both flower and leave origin. Therefore, tissue-specifically differentially expressed 
transcripts may become even again after mixing. 
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Abundance of unique transcripts  
I further examined transcripts uniquely constructed by each assembler to see the relationship 
between expression level and transcripts length. This will directly reflect the difference among 
programs in coping with heterogeneous RNAseq data. Results were plotted in Figure 9. I found that 
transcripts uniquely produced by different programs contain mostly lowly expressed transcripts 
although those produced by OAS and TRA also have some results of relatively high abundance. 
Lowly expressed genes are known to be sequenced at low coverage, making assembly of 
transcripts from them difficult and error-prone (ROBERTS et al. 2011). To confirm these unique 
transcripts have been accurately constructed, I tested assembly accuracy with FullLengther and 
found that most of them (59%-74%) can found homologous sequences from database and 15% to 
24% of these unique transcripts are of full-length. This suggests that different assemblers can 
reconstruct lowly expressed transcripts at different quantity and quality. Therefore, the ability to 
recover lowly expressed transcripts can be a good indicator of assembling performance. 
Assembly methods evaluation using simulated data 
Since it is difficult to assess assembly performance without a reference genome, I simulated 
some Illumina RNAseq reads based on Arabidopsis thaliana gene models and performed de novo 
assembly with the same set of approaches. The genomic regions (Module Assembly, i.e., MA), of 
which the simulated reads originated from, are used as the reference to evaluated de novo 
assemblies. The results are shown in Table 8. In brief, I found similar performance of different 
assembly strategies to those based on real S. lautus data. For instance, the TGI pipeline could 
improve the number of total genes as well as that of the full-length genes. The EVI pipeline could 
reduce redundancy but at the risk of removing quite a proportion of non-redundant genes. Moreover, 
I observed again that SOA produced more genes and that most of these genes were incomplete. I 
also realized a striking contrast between OASmk_TGI and OASmk_TGI_EVI in terms of the 
proportion of assembly covered by MA genes. Specifically, the former one consists of more genes 
than the later one. Therefore, the only possible explanation is that the former one contains more 
erroneous assemblies, such as chimeras that have brought down the percentage of perfect matches 
during Blastx comparisons. For OAS and TRI assemblies, which allowed choosing representative 
122 
 
transcripts based on expression levels or proportion of transcripts meeting a certain length threshold 
(e.g., 85% of the longest transcript), I found redundancy reduction based on selecting representative 
transcripts was better.  
To more intuitively show the effect of assembly methods on genome duplication inference, 
we also plotted the duplication age (represented as Ks). Results were shown in Supplemental 
Figures. Figure S1 shows the duplication age distribution inferred from MA genes sets. It has a 
peak around Ks=0.9, which is very close to the genome duplication event found by BLANC et al. 
(2003). Figure S2 shows the duplication age distribution inferred from different assemblers with or 
without redundancy reduction. Comparing all assemblers and methods, we found that TRI and OAS 
after removing redundancy based on choosing representative transcripts can best resemble the true 
age distribution (i.e., with peaks around Ks = 1). Therefore, we believe reducing redundancy via 
choosing representative transcripts is more reliable than through sequence similarity. This strategy 
rather than other alternatives assures accuracy when used to infer genome duplication events. 
Recovered close paralogs  
I compared the number of gene families (that identified using MCL algorithms and that used 
in inferring duplications), average family ages (Ks), number of close paralogs, number of inferred 
duplications across assemblies produced by different programs, assembly parameters and 
redundancy reduction methods. First of all, using less conservative parameters (default TGICL 
options) to merge multiple k-mers results can significantly reduce the number of identified gene 
families. When comparing the number of gene families, duplications and close paralogs and that of 
qualified data frequently used for genome duplication analyses, I found that SOA assembly tend to 
produce less than other assemblers. This suggests that SOAPdenovo-Trans program are more likely 
to merge close paralogs into consensus sequences than other programs. This is confirmed by the 
observation that SOA assemblies have higher than average pair-wise paralogs divergence 
(measured as Ks) than others. Secondly, I evaluated how redundancy reduction can affect gene 
family identification and found as expected that the EvidentialGene pipeline can reduce the number 
of identified gene families. However, when it comes to the number of effective gene families, i.e., 
gene families survived after single-linkage-clustering (SLC) (a method introduced by BLANC and 
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WOLFE (2004) to infer the number of duplications) and filtering out small Ks values (to avoid false 
identification of close paralogs due to assembly artefacts and splice variants), I noticed that all 
results but those from OAS improved after removing redundancy. Based on the change of gene 
family sizes after TGI and EVI processing, I found that redundancy had more dramatic effect on 
OAS results than on others. This is because OAS results have much more close paralogs than others, 
though I cannot decide whether those are true paralogs or not. This might also suggest that OAS 
assembly could be more redundant than others. 
The inconsistent effect of redundancy reduction on different assemblies implied that it is still 
a challenge to correctly identify true redundancy without a reference genome. Nevertheless, I notice 
that TRI assembly is more consistent than others in comparisons between raw assembly and ‘no-
redundant’ assembly implying less redundancy and high reliability of Trinity in terms of paralogs 
discrimination.  
The age distributions for all assemblies were plotted in Figure 10. As predicted by the 
simulation analyses, Trinity and Oases assembly, after selecting representative transcripts, can 
detect genome duplication events (shown in Figure 11). But combining different assemblies using 
TGICL and removing redundancy afterwards failed to detect duplication events correctly.  
Final assembly 
To derive the final assembly with the goal of recovering the most genes, I used non-redundant 
OAS and TRI assembly (processed by choosing representative transcripts) as the core assembly, 
and augmented sequences from other assemblies that have orthologous proteins sequences from 
public protein database (uniprot) not identified in the core assembly. The results of assessment 
using FullLengther and transcript length – expression level relationship were shown in Table 4 and 
Table 5 respectively. Results suggest that final assembly could recover more full-length transcripts 
than any independent assembly and show even less transcript length bias.  
I annotated this final reference assembly as described in Methods. I plotted the GO annotation 
results at ‘Cellular component’, ‘Molecular function’ and ‘Biological Processes’ levels using 




In the present study, I employed a wide-spectrum strategy to develop reference transcriptome 
for our model system, S. lautus. I found through simulated data and real data that merging results 
from multiple methods can recover more genes than any single strategy applied independently. 
However, I also found the process of combining different results could produce wrong assembly 
and introduce more redundancy. I assessed different methods of redundancy reduction based on 
their effects on downstream analyses such as genome duplication inference. I found that choosing 
among potentially related transcripts based on expression level or relative transcript length (YANG 
and SMITH 2013) is a better approach alternative to the strategy of redundancy reduction based on 
sequence similarity. This should also be the same when it comes to population or phylogenomics 
analyses, both of which rely on correctly identifying orthologous genes that is difficult to be 
distinguished from highly similar redundant sequences. 
I constructed a reference transcriptome for S.lautus by trying out multiple assemblers and 
different assembly parameters. Based on assembly performance evaluation, I found consistent 
differences across all programs over a series of indexes, with Oases outperform others more often. I 
derived the final assembly by combining all independent assemblies. The final assembly contains 
more transcripts/genes than any single assembly. Thus, it is worthwhile to use multiple assemblers 
and a wide spectrum of parameters for transcriptome reconstruction. I also functionally annotated 
the final assembly, which could offer valuable resources for S. lautus and the Senecio Research 
Network (http://openwetware.org/wiki/Senecio_Research_Network) as well. Using non-redundant 
Trinity and Oases assemblies, I was also able to found a recent duplication event in our system. My 
work is a key step toward shaping up our system as an excellent ecological model species as well as 





Altschul, S. F., T. L. Madden, A. A. Schäffer, J. Zhang, Z. Zhang et al., 1997 Gapped BLAST 
and PSI-BLAST: a new generation of protein database search programs. Nucleic acids research 25: 
3389-3402. 
Bairoch, A., and B. Boeckmann, 1991 The SWISS-PROT protein sequence data bank. 
Nucleic Acids Research 19: 2247. 
Barker, M. S., N. C. Kane, M. Matvienko, A. Kozik, R. W. Michelmore et al., 2008 Multiple 
paleopolyploidizations during the evolution of the Compositae reveal parallel patterns of duplicate 
gene retention after millions of years. Molecular Biology and Evolution 25: 2445-2455. 
Birney, E., M. Clamp and R. Durbin, 2004 GeneWise and genomewise. Genome research 14: 
988-995. 
Blanc, G., K. Hokamp and K. H. Wolfe, 2003 A recent polyploidy superimposed on older 
large-scale duplications in the Arabidopsis genome. Genome research 13: 137-144. 
Blanc, G., and K. H. Wolfe, 2004 Widespread paleopolyploidy in model plant species inferred 
from age distributions of duplicate genes. The Plant Cell Online 16: 1667-1678. 
Chapman, M. A., S. J. Hiscock and D. A. Filatov, 2013 Genomic divergence during 
speciation driven by adaptation to altitude. Molecular biology and evolution 30: 2553-2567. 
Cui, L., P. K. Wall, J. H. Leebens-Mack, B. G. Lindsay, D. E. Soltis et al., 2006 Widespread 
genome duplications throughout the history of flowering plants. Genome Research 16: 738-749. 
De Bodt, S., S. Maere and Y. Van de Peer, 2005 Genome duplication and the origin of 
angiosperms. Trends in Ecology & Evolution 20: 591-597. 
Enright, A. J., S. Van Dongen and C. A. Ouzounis, 2002 An efficient algorithm for large-
scale detection of protein families. Nucleic acids research 30: 1575-1584. 




Gnerre, S., I. MacCallum, D. Przybylski, F. J. Ribeiro, J. N. Burton et al., 2011 High-quality 
draft assemblies of mammalian genomes from massively parallel sequence data. Proceedings of the 
National Academy of Sciences 108: 1513-1518. 
Grabherr, M. G., B. J. Haas, M. Yassour, J. Z. Levin, D. A. Thompson et al., 2011 Full-length 
transcriptome assembly from RNA-Seq data without a reference genome. Nature biotechnology 29: 
644-652. 
Griebel, T., B. Zacher, P. Ribeca, E. Raineri, V. Lacroix et al., 2012 Modelling and 
simulating generic RNA-Seq experiments with the flux simulator. Nucleic acids research 40: 
10073-10083. 
Gruenheit, N., O. Deusch, C. Esser, M. Becker, C. Voelckel et al., 2012 Cutoffs and k-mers: 
implications from a transcriptome study in allopolyploid plants. BMC genomics 13: 92. 
Haznedaroglu, B. Z., D. Reeves, H. Rismani-Yazdi and J. Peccia, 2012 Optimization of de 
novo transcriptome assembly from high-throughput short read sequencing data improves functional 
annotation for non-model organisms. BMC bioinformatics 13: 170. 
Heo, Y., X.-L. Wu, D. Chen, J. Ma and W.-M. Hwu, 2014 BLESS: Bloom-filter-based Error 
Correction Solution for High-throughput Sequencing Reads. Bioinformatics: btu030. 
Huang, X., and A. Madan, 1999 CAP3: A DNA sequence assembly program. Genome 
research 9: 868-877. 
Huang, Y., B. Niu, Y. Gao, L. Fu and W. Li, 2010 CD-HIT Suite: a web server for clustering 
and comparing biological sequences. Bioinformatics 26: 680-682. 
Izawa, T., T. Oikawa, N. Sugiyama, T. Tanisaka, M. Yano et al., 2002 Phytochrome mediates 
the external light signal to repress FT orthologs in photoperiodic flowering of rice. Genes & 
development 16: 2006-2020. 
Jiao, Y., J. Leebens-Mack, S. Ayyampalayam, J. E. Bowers, M. R. McKain et al., 2012 A 
genome triplication associated with early diversification of the core eudicots. Genome Biol 13: R3. 
127 
 
Jiao, Y., N. J. Wickett, S. Ayyampalayam, A. S. Chanderbali, L. Landherr et al., 2011 
Ancestral polyploidy in seed plants and angiosperms. Nature 473: 97-100. 
Jones, L., T. Keining, A. Eamens and F. E. Vaistij, 2006 Virus-induced gene silencing of 
argonaute genes in Nicotiana benthamiana demonstrates that extensive systemic silencing requires 
Argonaute1-like and Argonaute4-like genes. Plant physiology 141: 598-606. 
Kao, W.-C., A. H. Chan and Y. S. Song, 2011 ECHO: a reference-free short-read error 
correction algorithm. Genome research 21: 1181-1192. 
Kelley, D. R., M. C. Schatz and S. L. Salzberg, 2010 Quake: quality-aware detection and 
correction of sequencing errors. Genome Biol 11: R116. 
Kumar, S., and M. L. Blaxter, 2010 Comparing de novo assemblers for 454 transcriptome 
data. BMC genomics 11: 571. 
Lai, Z., N. C. Kane, A. Kozik, K. A. Hodgins, K. M. Dlugosch et al., 2012 Genomics of 
Compositae weeds: EST libraries, microarrays, and evidence of introgression. American journal of 
botany 99: 209-218. 
Langmead, B., and S. L. Salzberg, 2012 Fast gapped-read alignment with Bowtie 2. Nature 
methods 9: 357-359. 
Lara, A. J., G. Pérez-Trabado, D. P. Villalobos, S. Díaz-Moreno, F. R. Cantón et al., 2007 A 
web tool to discover full-length sequences—Full-Lengther, pp. 361-368 in Innovations in Hybrid 
Intelligent Systems. Springer. 
Le, H.-S., M. H. Schulz, B. M. McCauley, V. F. Hinman and Z. Bar-Joseph, 2013 
Probabilistic error correction for RNA sequencing. Nucleic acids research 41: e109-e109. 
Li, B., and C. N. Dewey, 2011 RSEM: accurate transcript quantification from RNA-Seq data 
with or without a reference genome. BMC bioinformatics 12: 323. 
Li, H., B. Handsaker, A. Wysoker, T. Fennell, J. Ruan et al., 2009 The sequence 
alignment/map format and SAMtools. Bioinformatics 25: 2078-2079. 
128 
 
Li, L., C. J. Stoeckert and D. S. Roos, 2003 OrthoMCL: identification of ortholog groups for 
eukaryotic genomes. Genome research 13: 2178-2189. 
Luo, R., B. Liu, Y. Xie, Z. Li, W. Huang et al., 2012 SOAPdenovo2: an empirically improved 
memory-efficient short-read de novo assembler. Gigascience 1: 18. 
MacManes, M. D., and M. B. Eisen, 2013 Improving transcriptome assembly through error 
correction of high-throughput sequence reads. PeerJ 1: e113. 
Maere, S., S. De Bodt, J. Raes, T. Casneuf, M. Van Montagu et al., 2005 Modeling gene and 
genome duplications in eukaryotes. Proceedings of the National Academy of Sciences of the United 
States of America 102: 5454-5459. 
Mbandi, S. K., U. Hesse, D. J. G. Rees and A. G. Christoffels, 2014 A glance at quality score: 
implication for de novo transcriptome reconstruction of Illumina reads. Frontiers in Genetics 5: 17. 
Medvedev, P., E. Scott, B. Kakaradov and P. Pevzner, 2011 Error correction of high-
throughput sequencing datasets with non-uniform coverage. Bioinformatics 27: i137-i141. 
Narzisi, G., and B. Mishra, 2011 Comparing de novo genome assembly: the long and short of 
it. PloS one 6: e19175. 
O'Donovan, C., M. J. Martin, A. Gattiker, E. Gasteiger, A. Bairoch et al., 2002 High-quality 
protein knowledge resource: SWISS-PROT and TrEMBL. Briefings in bioinformatics 3: 275-284. 
Oshlack, A., and M. J. Wakefield, 2009 Transcript length bias in RNA-seq data confounds 
systems biology. Biol Direct 4: 14. 
Parra, G., K. Bradnam and I. Korf, 2007 CEGMA: a pipeline to accurately annotate core 
genes in eukaryotic genomes. Bioinformatics 23: 1061-1067. 
Pertea, G., X. Huang, F. Liang, V. Antonescu, R. Sultana et al., 2003 TIGR Gene Indices 
clustering tools (TGICL): a software system for fast clustering of large EST datasets. 
Bioinformatics 19: 651-652. 
129 
 
Pfeil, B., J. Schlueter, R. Shoemaker and J. Doyle, 2005 Placing paleopolyploidy in relation to 
taxon divergence: a phylogenetic analysis in legumes using 39 gene families. Systematic Biology 
54: 441-454. 
Roberts, A., H. Pimentel, C. Trapnell and L. Pachter, 2011 Identification of novel transcripts 
in annotated genomes using RNA-Seq. Bioinformatics 27: 2325-2329. 
Robertson, G., J. Schein, R. Chiu, R. Corbett, M. Field et al., 2010 De novo assembly and 
analysis of RNA-seq data. Nature methods 7: 909-912. 
Schlueter, J. A., P. Dixon, C. Granger, D. Grant, L. Clark et al., 2004 Mining EST databases 
to resolve evolutionary events in major crop species. Genome 47: 868-876. 
Schreiber, A. W., M. J. Hayden, K. L. Forrest, S. L. Kong, P. Langridge et al., 2012 
Transcriptome-scale homoeolog-specific transcript assemblies of bread wheat. BMC genomics 13: 
492. 
Schulz, M. H., D. R. Zerbino, M. Vingron and E. Birney, 2012 Oases: robust de novo RNA-
seq assembly across the dynamic range of expression levels. Bioinformatics 28: 1086-1092. 
Shi, T., H. Huang and M. S. Barker, 2010 Ancient genome duplications during the evolution 
of kiwifruit (Actinidia) and related Ericales. Annals of botany 106: 497-504. 
Simpson, J. T., and R. Durbin, 2012 Efficient de novo assembly of large genomes using 
compressed data structures. Genome research 22: 549-556. 
Slater, G. S., and E. Birney, 2005 Automated generation of heuristics for biological sequence 
comparison. BMC bioinformatics 6: 31. 
Sterck, L., S. Rombauts, S. Jansson, F. Sterky, P. Rouzé et al., 2005 EST data suggest that 
poplar is an ancient polyploid. New Phytologist 167: 165-170. 
Sveinsson, S., J. McDill, G. K. Wong, J. Li, X. Li et al., 2014 Phylogenetic pinpointing of a 




Van de Peer, Y., S. Maere and A. Meyer, 2009 The evolutionary significance of ancient 
genome duplications. Nature Reviews Genetics 10: 725-732. 
Vezzi, F., G. Narzisi and B. Mishra, 2011 Reevaluating assembly evaluations with feature 
response curves: GAGE and assemblathons. PloS one 7: e52210-e52210. 
Vijay, N., J. W. Poelstra, A. Künstner and J. B. Wolf, 2013 Challenges and strategies in 
transcriptome assembly and differential gene expression quantification. A comprehensive in silico 
assessment of RNA‐seq experiments. Molecular Ecology 22: 620-634. 
Wit, P., M. H. Pespeni, J. T. Ladner, D. J. Barshis, F. Seneca et al., 2012 The simple fool's 
guide to population genomics via RNA‐Seq: an introduction to high‐throughput sequencing data 
analysis. Molecular ecology resources 12: 1058-1067. 
Xie, Y., G. Wu, J. Tang, R. Luo, J. Patterson et al., 2013 SOAPdenovo-Trans: De novo 
transcriptome assembly with short RNA-Seq reads. arXiv preprint arXiv:1305.6760. 
Yang, X., K. S. Dorman and S. Aluru, 2010 Reptile: representative tiling for short read error 
correction. Bioinformatics 26: 2526-2533. 
Yang, Y., and S. A. Smith, 2013 Optimizing de novo assembly of short-read RNA-seq data 
for phylogenomics. BMC genomics 14: 328. 
Ye, J., L. Fang, H. Zheng, Y. Zhang, J. Chen et al., 2006 WEGO: a web tool for plotting GO 
annotations. Nucleic acids research 34: W293-W297. 
Zhang, Z., S. Schwartz, L. Wagner and W. Miller, 2000 A greedy algorithm for aligning 
DNA sequences. Journal of Computational biology 7: 203-214. 
Zhao, Q.-Y., Y. Wang, Y.-M. Kong, D. Luo, X. Li et al., 2011 Optimizing de novo 





Table1. Basic metrics for different assemblies with fixed k-mer value of 25. OAS, SOA, TRA 
and TRI represent Oases, SoapdenovoTrans, TransAByss and Trinity assemblies. 
 TRA TRI SOA OAS 
Longest sequence 10,523 12,137 9,771 11,933 
Mean length 612.16 1042.16 954.67 1,115.27 
N50 782 1,373 1,493 1,654 
No. of transctiptss 41,950 40,158 92,154 135,025 
No. of transctiptss >=1kb 6,291 16,337 32,775 58,784 
No. of transctiptss in N50 9,842 10,134 19,124 29,891 
Total bases  25,680,305 41,851,009 87,976,278 150,588,913 
132 
 
Table2. Assembly metrics for TGICL (-O ‘-o 100 –p 99’) processed multiple-kmer assemblies. 




 -o 100 -p 99 + EvidentialGenes 
 TRAmk SOAmk OASmk 
Longest sequence 11,611 9,954 12,115 
Mean length 929.18 1101.16 1337.91 
N50 1,165 1,442 1,638 
No. of transctiptss 43,731 46,953 38,873 
No. of transctiptss >=1kb 14,941 19,972 23,154 
No. of transctiptss in N50 11,491 11,543 10,902 
Total bases  40,633,871 51,702,630 52,008,719 
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Table3. Number of CEGs and Full-Length CEGs identified in different multiple k-mres 
assemblies. Results were derived from single k-mer assemblies. OASmk, SOAmk and TRAmk are 
short for Oases, SoapdenovoTrans and TransAByss multiple k-mers assemblies. 
 Total CEGs Full-Length CEGs 
OASmk 458 413 
SOAmk 458 412 
TRAmk 458 319 
TRI  458 361 
SUM 458 420 
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Table4. FullLengther pipeline analyses results for different assemblies (multiple kmers 
assemblies were combined using TGICL with different CAP3 options and then processed with 
EvidentialGenes pipeline. OASmk, SOAmk and TRAmk are short for Oases, SoapdenovoTrans 
and TransAByss multiple k-mers assemblies. TRI stands for Trinity assembly. Ref is the 































Table5. Full-Lengther estimation of transcripts assembled by different assemblers. OASmk, SOAmk and TRAmk are short for Oases, 













OASmk 293 178 (61%) 62 (21%) 61 2 0 
SOAmk 470 322 (69%) 113 (24%) 112 0 0 
TRAmk 206 153 (74%) 31 (15%)  31 0 0 
TRI  602 353 (59%) 88 (15%) 88 0 0 
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Table6. Correlation between expression levels and effective transcript length. OASmk, 
SOAmk and TRAmk are short for Oases, SoapdenovoTrans and TransAByss multiple k-mers 
assemblies. TRI stands for Trinity assembly. Ref is the combination of the above assemblies using 
TGICL. 
 All transcripts Full-length transcripts 
OASmk 0.019 0.002 
SOAmk 0.072 0.002 
TRAmk 0.097 0.038 
TRI 0.036 0.034 
Ref 0.013 0.021 
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Table7. Gene families recovering under different assembly conditions. Gene families construction was done suing SLC (single linkage clustering), 
introduced by BLANC and WOLFE (2004). OASmk, SOAmk and TRAmk are short for Oases, SoapdenovoTrans and TransAByss multiple k-mers 
assemblies. TRI stands for Trinity assembly. Final Ref is the assembly derived by using TRI and OAS representative transcripts as the core, based on 
which, transcripts from other assemblies with homologous protein sequences (from public database) not identified in the core were augmented. TGI 
and EVI are short for TGICL assembly pipeline and EVI for Evidential pipeline. 
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 TGICL options No. of effective Gene 














SLC, mean ks ± sd) 
OAS o100p99 3110 (6318) 24.27±48.33 24,399 10630 21382   0.282±0.427  
default 551 (1084) 27.59±40.98 4,734 1, 905 4244 0.303±0.423 
EVI 2062 (4638) 10.20±30.98 9,027 3,757 7703  0.354±0.491  
SOA o100p99 1175 (6060) 4.31±14.52 6,756 1,396 5096 0.525±0.561 
default 1163 (3779) 4.66±17.74 5,115  675 3550 0.638±0.576 
EVI 3120 (5823) 8.22±18.35 14,527 5,609 12401  0.468±0.571  
TRA o100p99   2535 (7095) 4.87±26.08 10,041 2,124 7726  0.504±0.553  
Default  1482 (4383) 4.60±15.50 6,190 1,015 4581  0.570±0.564  
EVI 2941 (5888) 6.56±17.03 67,879 7,048 23105  0.401±0.508 
TRI NA 1865 (5510) 6.74 ±33.43 8,211 1,759 5962 0.579±0.591 






NA 3715 (6296) 73.74±154.27 45,702 25,177 17697  0.187±0.326  
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Table8. Assembly statistics using simulated data. These statistics are derived based on 
comparing with the module assembly (MA), which consists of 13,869 transcripts from the genomic 
region where the RNAseq reads were simulated. The abbreviations used here are TGI for TGICL 
assembly pipeline, EVI for Evidential pipeline, TRI for trinity. OASmk, SOAmk and TRAmk are 










No. of MA transcripts 





Module sequences 13,869 100.00% 1 13,869 
OASmk_TGI 7,264 (52.38%) 66.07% 0.53 4,238 
OASmk_TGI_EVI 5,058 (36.53%) 73.26% 0.83 3,954 
OASmk (representative) 6,469 (46.64%) 51.3% 0.69 2,174 
SOAmk_TGI 8,807 (51.27%)  55.90%  0.24  1,662 
SOAmk_EVI 4,718 (34.02%) 63.93% 0.86 1,647 
TRAmk  6,356 (45.82%)  68.13% 0.43     2,441  
TRAmk_EVI 6,245(45.03%) 71.47% 0.73 2,196 
TRI  4,150 (29.92%)    61.51% 0.71   1.921  
TRI (representative) 4,059 (29.26%) 60.11% 0.73 1,791 
TRI_EVI 3,315 (23.90) 65.02% 0.85 1,827 
141 
 
TGI 9,382 (67.64%) 72.5% 0.41 5,972 




Figure1. Accumulative sequence length distribution of different assemblers using k-mer 
value of 25. OAS, SOA, TRA and TRI stand for assembly with Oases, SoapdenovoTrans, 
TransAbyss and Trinity. 
Figure2. Accumulative length distribution of TGICL (cap3 option: ‘-o 100 –p 99’) 
processed multiple k-mer assemblies. OAS, SOA, TRA and TRI stand for assembly with Oases, 
SoapdenovoTrans, TransAbyss and Trinity. 
Figure3. Accumulative sequence length distribution of Evidential processed independent 
assemblies. OAS, SOA, TRA and TRI stand for assembly with Oases, SoapdenovoTrans, 
TransAbyss and Trinity. 
Figure4. CEGs estimation for multiple K-mers assemblies. OAS, SOA and TRA stand for 
assembly with Oases, SoapdenovoTrans and TransAbyss respectively. Trinity is not included 
because it is a single-kmer assembler. 
Figure5. Gene families found in different assemblies. OAS, SOA, TRA and TRI stand for 
assembly with Oases, SoapdenovoTrans, TransAbyss and Trinity. 
Figure6. FRCs of different assemblies. OAS, SOA, TRA and TRI stand for assembly with 
Oases, SoapdenovoTrans, TransAbyss and Trinity. 
Figure7. Expression levels (FPKM) of transcripts that assembled by different 
assemblers. OAS, SOA, TRA and TRI stand for assembly with Oases, SoapdenovoTrans, 
TransAbyss and Trinity. 
Figure8. Transcript length and expression level relationship. OAS, SOA, TRA and TRI 
stand for assembly with Oases, SoapdenovoTrans, TransAbyss and Trinity. 
Figure9. Expression abundance for unique genes/transcripts. OAS, SOA, TRA and TRI 
stand for assembly with Oases, SoapdenovoTrans, TransAbyss and Trinity. 
Figure10. Ks-based age distribution inferred from different assemblies and processed 
with Evidential pipeline to remove redundancy. TGI means combining multiple k-mer 




Figure11. Duplication age distribution for Oases and Trinity assemblies, which were 
processed for redundancy reduction based on picking up representative transcripts. X-axis 
represents Ks values with 0.05 (Ks) bin size. 
Figure12. GO annotation results plotted with WEGO. GO terms at three levels, i.e., 
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Figure S1. Duplication age (dS) distribution for Arabidopsis thaliana Module Gene sets 
covered by simulated RNAseq reads. The bin size is 0.1.  
Figure S2. Duplication age (dS) distribution derived from Trinity,TransAByss, Oases 
and SoapdenovoTrans assemblies using Arabidopsis thaliana reads from simulated RNAseq 
experiment. The upper pannel represent the raw assemblies while the lower pannel represent 
different methods of redundancy reduction. The bin size is 0.1. TGI means combining assemblies 
using TGICL pipeline, and EVI stands for redundancy reduction using Evidential Pipeline. 
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Chapter 4  




Background Darwin’s “On the Origin of Species’ implies that selection is the driving 
force of species formation. With the application of high throughput sequencing to the wild 
populations, we can now investigate the demography and genome-wide differentiation driven by 
adaption to different natural environments. In the present Chapter, I introduced applying pooled-
RNAseq to sequence four adaptively diverged ecotypes of Australian groundsel, Senecio lautus to 
study gene differential expression, population genomics and genome duplication analyses so as to 
detect genetic elements that could have contributed to the rapid divergence and speciation of this 
widely distributed species.  
Results I was able to develop transcriptomes for all ecotypes through de novo and reference 
guided assemblies. The assembly yielded 189,772 non-redundant unigenes for all ecotypes, which 
were functionally annotated into 21,892 different genes, implicating that RNAseq could efficiently 
recover genes. Population genetics analyses detected genome wide negative Tajima’D, low 
population differentiation (reflected in FST values). I obtained population divergence time using 
more than 30,000 SNPs consisting of FST outliers and found the ecotypes have diverged very 
recently. I identified candidate genes under positive selection using molecular evolutionary analyses. 
I also found very low proportion of the protein coding genes to be under adaptive evolution and 
high proportion of non-synonymous mutations, suggesting adaptive divergence can be mediated by 
selection on a handful of genes. These results also implicate population expansion after shrinkage. 
Moreover, I analyzed the gene expression profiles of all ecotypes and found that the expression 
divergence patterns are inconsistent with the true phylogenetic relationship. This implies that gene 
expression and coding sequence divergence could, to some extent, evolve independently and 
complement each other to realize ecological adaptation. Through cross-examining the above 
analyses, I found only three genes that appear in all pairwise ecotypic comparisons. However, I was 
able to identify at a higher level (i.e., biological processes), more evolutionary convergence. This 
suggests ecological adaptation could happen by recruiting different genes involved in similar 
genetic pathways.   
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Conclusion I developed transcriptomes for different ecotypes of S. lautus using both de 
novo and reference guided assembly. I was able to infer the population history of these ecotypes and 
identify candidate loci contributing to the adaptive divergence either through coding sequence 
divergence or via expression divergence. Our study opens promising perspectives regarding 
genome-wide population genomics and comparative analyses of non-model organisms with pooled-
RNAseq technology.  





Understanding the genomic link between natural selection and species formation is the key to 
unveil the genetic basis of speciation. High throughput sequencing technologies (including both 
transcriptome sequencing, also known as massively parallel cDNA sequencing, or RNAseq and 
whole genome sequencing (WGS)) made this possible. The techniques have added ‘muscle’ to 
ecologists and evolutionists to address questions include identifying genes underlying important 
ecological traits (STINCHCOMBE and HOEKSTRA 2008; BERGELSON and ROUX 2010; STAPLEY et al. 
2010; NUNES et al. 2011; RENAUT et al. 2011; JONES et al. 2012b; PARCHMAN et al. 2012), 
detecting loci under selection or contributing to adaptation (HOHENLOHE et al. 2010; STAPLEY et al. 
2010; ELMER and MEYER 2011; HANCOCK et al. 2011; CONSORTIUM 2012; STRASBURG et al. 2012) 
and describing the genome-wide divergence patterns of populations/taxa under different speciation 
models (STAPLEY et al. 2010; FEDER et al. 2011; JONES et al. 2012a; JONES et al. 2012b; NOSIL et al. 
2012; RENAUT et al. 2012b; STRASBURG et al. 2012; FEDER et al. 2013; NADEAU et al. 2013; 
RENAUT et al. 2013).  
Even though RNAseq and WGS are two alternatives to discover genes, RNAseq has some 
advantages making it the first choice in many situations, especially to study ecologically interesting 
non-model organisms. These include: 1) transcriptome has more tractable size than that of genome 
(ten to hundred times smaller than genome) (RIESGO et al. 2012) and tend to be more stable even 
after polyploidization (COATE and DOYLE 2010); 2) transcriptome contains more genic regions and 
fewer repetitive elements than genomes, reducing analytical burden especially during post-
sequencing assembly step; 3) RNAseq produces massive digitally countable reads, making it 
possible to quantify gene expression and identify rare transcripts with regulatory function; 4) It does 
not require prior knowledge of the organisms. Nevertheless, there are some weakness of RNAseq 
including: 1) Sequencing errors and repeats will affect correct transcripts inference and pose 
computational challenges as they do to genome sequencing (GRABHERR et al. 2011; SCHULZ et al. 
2012); 2) Data non-uniformity is the most striking obstacle to RNAseq application (ROBERTSON et 
al. 2010; GRABHERR et al. 2011; SCHULZ et al. 2012). For instance, sometimes, the raw RNAseq 
data could be dominated by small number of very highly expressed genes, which will affect the 
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total amount of transcripts that a sequencing experiment can actually capture. Sometimes even a 
single transcript can be sequenced unevenly. Besides, it is hard to keep uniformity between different 
samples of the same experiment; 3) Reads with sequencing errors can be exaggerated due to high 
level gene expression, which lead to wrong transcript inference (ROBERTSON et al. 2010; 
GRABHERR et al. 2011; SCHULZ et al. 2012). 
Despite the above-mentioned disadvantages, the high throughput and coverage have made 
RNASeq very popular. This is especially true when it comes to non-model organisms, where no 
reference genomes are available. RNAseq promises a comprehensive picture of transcriptome 
allowing for annotation and quantification of all genes and their isoforms across samples (GARBER 
et al. 2011). RNAseq has altered our view of the extent and complexity of eukaryotic 
transcriptomes. Even though the original application of RNAseq is to provide more precise 
measurement of levels of transcripts and their isoforms, cataloguing all species of transcripts, it has 
been more and more often used for phylogenetic and population genomics analyses (RENAUT et al. 
2012a; WIT et al. 2012; DLUGOSCH et al. 2013). This technology has also encouraged efforts such 
as the One Thousand Plants Project (1KP: http://www.onekp.com/index.html), which aimed at 
generating large-scale gene sequence information for 1000 angiosperm species. 
While as mentioned, RNAseq is more cost-effective than genome sequencing, it is still 
prohibitively expensive for application at population scale. Pooling samples as an alternative, have 
been shown plausible both theoretically and practically for population genomics studies (KOFLER et 
al. 2012; RAINERI et al. 2012; ZHU et al. 2012; FERRETTI et al. 2013; KAPUN et al. 2013; KARLSEN 
et al. 2013; KELLY et al. 2013; KESSNER et al. 2013; NOLTE et al. 2013) and genetic mapping 
(EDWARDS and GIFFORD 2012; FEDER et al. 2012; LESHCHINER et al. 2012; SWINNEN et al. 2012) 
based on genome sequencing. A very recent study has also shown that pooled-RNAseq has 
comparable accuracy with pooled genome sequencing (KONCZAL et al. 2013). Another study has 
shown pooled-RNAseq can be effectively applied to mutation mapping analyses (HILL et al. 2013). 
In the present study, I relied on programs such as Popoolation (KOFLER et al. 2011a), 
PoPoolation2 (KOFLER et al. 2011b), pool_hmm (BOITARD et al. 2013) and npstat (FERRETTI et al. 
2013), which are implemented with algorithms to calculate population genetics parameters for 
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poolseq data. For instance, I used Popoolation to calculate population variation metrics including 
Tajima’s Pi, Watterson’s Theta and Tajima’s D. I relied on Popoolation2 to compute Fixation Index 
(FST) to measure population differentiation. I used Pool-hmm to detect selective sweeps based on 
allele frequency spectrum (AFS) using methods proposed by (BOITARD et al. 2012). Additionally, I 
used npstat, which computes the most comprehensive set of population genetics statistics including 
Fu and Li’s D, Fay and Wu’s H, MacDonald-Kreitman test (MK test) (MCDONALD and KREITMAN 
1991) and HKA test (HUDSON et al. 1987). Npstat is supposed to complement statistics calculated 
by Popoolation and offer more evidence about population dynamics. MK test done by npstat can 
also be extended to estimate the proportion of adaptive amino acid substitutions (SMITH and EYRE-
WALKER 2002), helping us to understand to what extent the rapid adaptation of S. lautus is 
accompanied by positive selection. These population genetics analyses combined with molecular 
evolution allow us to identify candidate genes potentially under positive selection. I also tried to 
infer the phylogeny and divergence time (measured using effective population size (Ne)) using 
KimTree, a recently developed software for population history inference capable of utilizing 
poolseq data (GAUTIER and VITALIS 2013).  
In addition, I explored the differential expression (DE) patterns, which could also potentially 
contribute to species divergence. Thus, DE analysis allows us to get a more comprehensive view of 
genomic elements contributing to ecotypic divergence of our model system.  
METHODS 
Plant system introduction 
The S. lautus species complex is a group of groundsels endemic to Australia and New 
Zealand (ORNDUFF 1964; ALI 1966; ALI 1969; RADFORD et al. 2004; THOMPSON 2005) that have 
diversified and colonized multiple habitats. Our previous study has shown that the Sand Dune and 
Rocky Headland ecotypes could have repeatedly adapted to Australian coastal environment (RODA 
et al. 2013) in the face of gene flow. This suggests S. lautus complex is a good system to explore 
the genetic basis of adaptation and speciation. In this study I sampled Alpine (ECOA), Sand Dune 
(ECOD), Rocky Headland (ECOH) and Tableland (ECOT) ecotypes which represent all contrasting 
habitats occupied by this species complex and sequenced the correspondent transcriptomes by 
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pooling multiple (96) individuals from each ecotype and performed population genomics analysis as 
well as differential gene expression analyses so as to evaluate the relative contribution of 
divergence at sequence level as well as that at gene expression level to phenotypic divergence and 
adaptation.  
Sampling and Sequencing  
Ninety-six individuals from each of ecotype were sampled (see supplemental table S1 for the 
sampling sites information). The plants were grown in a glasshouse under natural light conditions 
and temperature was controlled to 22℃ during the night (6:00 pm-6:00am) and 25℃during the day 
(6:00 am-6:00pm). All plant young leaves were pooled together for each ecotype when preparing 
sequencing libraries. The pair-end sequencing libraries were constructed in the same way as 
preparing for sequencing reference transcriptome (introduced in the previous Chapter) and were 
sequenced on Illimina Hiseq 2000 platform.  
RNAseq reads error correction 
Since NGS raw reads are not error free, for example error rates of Illumina’s Genome 
Analyzer was reported to be up to 3.8% (LE et al. 2013), proper quality control should be executed 
to assure the accuracy of data analysis. A common approach to control reads error rates is to trim 
off bad quality bases from read ends. Such behavior will reduce the absolute frequency of errors in 
reads sequences but will lead to significant loss of data, which might affect identification of lowly 
expressed transcripts. An alternative to avoid this drawback of quality control is to correct potential 
errors in raw sequence data. A recent study has examined different ways of RNASeq reads error 
correction and showed that RNAseq assembly using error-corrected reads could improve assembly 
quality (MACMANES and EISEN 2013). Here, I chose SEECER (SEquencing Error CorrEction in 
Rna-seq data) (LE et al. 2013), a software specifically designed for RNAseq data error correction, to 
correct potential errors in our RNAseq data.  
De novo assembly 
Transcriptome assembly for 4 ecotypes 
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The general assembly strategies were shown in Figure 1. In brief, I carried out both de novo 
assembly using Trinity (GRABHERR et al. 2011) and a reference dependent approach utilizing 
reference transcriptome assembly (introduced in the Chpater3) following the pipeline 
(http://trinityrnaseq.sourceforge.net/genome_guided_trinity.html) incorporated in the Trinity 
package. Since the assembly will also be used for population genomics analyses, it is necessary to 
choose representative transcript from each locus. Considering that all individuals were pooled, 
distinguishing paralogs and alternative spliced variants would be very challenging and err-prone. In 
the present study, I selected representative transcripts based on isoform expression levels as 
introduced by (YANG and SMITH 2013). To combine reference guided assembly and de novo 
assembly, I first predicted potential coding regions using TransDecoder (HAAS et al. 2013) with –
pfam option and then used the predicted protein sequences to identify orthologs using OrhtoMcl 2.0 
(LI et al. 2003). I kept the orthologous groups containing sequences produced by both assembling 
approaches and combined them using TGICL (tgicl –O ‘-o 200 -p 99’). The singletons from either 
private assembly were saved as part of the final assemblies. To further remove the redundant 
transcripts, which might represent alternatively spliced transcripts, alleles or close paralogs, I 
clustered the combined assembly with CD-HIT-EST (95% identity, word size=8 and both strands 
compared). Then I chose a single representative sequence from each cluster for downstream 
analyses.  
Assembly evaluation  
Before downstream analyses, I first evaluated the quality of theses assemblies based on 
assembly contiguity, accuracy and completeness.  
To measure assembly contiguity I calculated a series of metrics based on sequences lengths, 
which include max transcript length, N50, number of long transcripts (i.e., >=1kb) and proportion 
of bases included in sequences no shorter than N50. To assess assembly completeness, I calculated 
the number of core eukaryotic genes (CEGs) represent in each assembly. I did this through mapping 
transcripts to CEGs using BLASTx (evalue<=1e-20) and defined transcripts covering 90% of CEGs 
as full-length CEGs. To compare the number of potential genes reconstructed by different 
assemblies, I also used Full-LengtherNEXT pipeline (BENZEKRI et al. 2013; GUERRERO-
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FERNÁNDEZ et al. 2013) to identify full-length, 5’-end and 3’-end partial genes. Full-Lengther 
utilizes proteins sequences from Uniprot database as reference proteome. Since it also predicts mis-
assemblies, thus it also provides information to assess assembly accuracy.  
Transcriptome annotation 
ORF and CDS identification 
To detect open reading frames (ORFs) and coding sequences (CDS), I tried TransDecoder 
(with –pfam option), which is included within Trinity utilities, following the instructions shown on 
Trinity website. Meanwhile, I also combined the predictions from Full-Lengther. In brief, if ORFs 
are predicted by both approaches and share reading frames, I kept the longer ones. Otherwise if 
ORFs predicted by two methods are completely different, I saved the ones predicted by Full-
Lengther.  
Functional annotation 
I did functional annotation through assigning each transcript with Gene Ontology (GO) and 
KEGG pathway IDs by comparing S. lautus transcripts with TAIR10 (The Arabidopsis Information 
Resource) Arabidopsis thaliana proteome using BLASTX (evalue<=1e-6). For those failed to find 
matches during this step, I queried them against Plant protein sequences from UniprotKB databases 
to assign GO and KEGG ID using BLASTx (e-value<=1e
-6
). 
Quantifying abundance and differential expression analyses 
Calculating the number of RNAseq reads derived from the transcripts is the prerequisite for 
DE analysis. This needs all the reads to be mapped to the reference genome and/or transcriptome. In 
de novo assembling setting, reads can only be aligned back to the assembly. However, accurate 
alignment will be difficult when there are alternative spliced isoforms and paralogous genes longer 
than reads or read pairs. I chose RSEM (RNAseq by Expectation Maximization) (LI and DEWEY 
2011) to do transcripts quantification. This software is particularly useful for de novo assembly 
because it is able to estimate the most likely relative abundances of transcripts and then 
proportionally assigns reads back to these transcripts based on the relative abundances. RSEM takes 
gap-free alignments generated by Bowtie (LANGMEAD and SALZBERG 2012) as input and produces 
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estimated number of reads mapped to each transcript and normalized expression values such as 
FPKM (fragments per kilobase of target transcript length per million reads mapped).   
It is always interesting to know differentially expressed transcripts/genes between samples. 
An R package, edgeR (ROBINSON et al. 2010) maintained as part of Bioconductor project 
(http://www.bioconductor.org/), can be used to estimate differential gene expression based on 
RSEM measured transcript abundance. Both edgeR and RSEM have been included in Trinity 
utilities, therefore I followed the pipeline suggested by HAAS et al. (2013) to perform differential 
gene expression analysis. I defined transcripts abundance differ at least 16 folds (i.e. with log2 
(FPKM1/FPKM2) equal to 4) and with false discovery rate (FDR) at most 0.001 as significantly 
differentially expressed. 
Identifying Orthologs between ecotypes 
With multiple ecotypes sequenced, it is possible to do comparative analysis to identify 
candidate loci correlated to ecotypic divergence. Thus, I first used OrthoMCL (version 2.0) (LI et al. 
2003) to define orthologous genes across all ecotypes and then performed pairwise-alignment of the 
identified orthologous protein sequences and aligned the correspondent CDS sequences accordingly. 
I used codeml (run-mode = 0, CodonFreq = 2, model = 2), a software as part of PAML 
(Phylogenetic Analysis by Maximum Likelihood), which accounts for codon usage bias and GC 
content to calculate dN/dS (the ratio of the rate of non-synonymous mutations over the rate of 
synonymous mutations) (Yang 2000). Those orthologous genes showing dN/dS > 1 are considered 
as to be positively selected. 
Hybridization detection 
The identified one-to-one orthologs can also be also used to detect gene flow. The rationale 
behind is that the distribution of Ks values for orthologous genes is expected to be centered on a Ks 
value corresponding to the time since the most recent common ancestor of the taxa involved while 
the more recent gene flow may create a secondary peak of lower Ks values (WANG and HEY 2010). 
I calculated Ks values for all orthologs and focused on the Ks values greater than 0 but less than 0.1 
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and used SiZer (CHAUDHURI and MARRON 1999) and EMMIX (MCLACHLAN et al. 1999) to 
determine the number of significant peaks. 
Characterizing genetic variation 
I relied on Bowtie2 (LANGMEAD and SALZBERG 2012) to map reads of each ecotype to their 
correspondent reference transcriptomes and SamTools (LI et al. 2009) version 0.1.18 to produce 
pileup format files. Nucleotide diversity was evaluated using the unbiased Tajima’s Pi and 
Watterson’s Theta calculated based on Futschik and Schlotterer’s algorithms (FUTSCHIK and 
SCHLÖTTERER 2010), which have been implemented in popoolation (KOFLER et al. 2011a). Briefly, 
along each transcript, each estimator was computed in 1kb sliding windows with 200bp overlap 
between consecutive windows with options –min-count 6 –min-coverage 5 –max-coverage 2% –
min-qual 20. Fixation index (Fst) was assessed on SNPs using Popoolation2 (KOFLER et al. 2011b) 
with options ‘–min-coverage 20  –max-coverage 500’. Mean Fst was calculated as the average of all 
Fst values for all SNPs. I also included annotation information and calculated gene-wise theta, pi, D 
and FST.   
I obtained information on nonsynonymous and synonymous polymorphisms and divergence 
relied on npstat (FERRETTI et al. 2013) with Senecio aethnensis and S. chrysanthemifolius 
sequences as outgroups. This allows me to test effect of selection on protein evolution globally. 
Specifically, I used g-test (based on a perl module http://search.cpan.org/~dsth/Statistics-
Distributions-GTest-0.1.5/lib/Statistics/Distributions/GTest.pm) to test if nonsynonmous to 
synononymous fixed difference is greater than non-synonymous polymorphism to synonymous 
polymorphism following MCDONALD and KREITMAN (1991). As an extension, the average 
proportion of amino-acid substitutions driven by positive selection (alpha) can be estimated based 
on equation 3 in (SMITH and EYRE-WALKER 2002). 
 
All all parameters are calculated and averaged across all genes. PS, DS, PN, and DN are the 
number of synonymous polymorphisms, synonymous substitutions, nonsynonymous 
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polymorphisms and nonsynonymous substitutions, respectively. To determine outliers based on 
alpha values, I obtained the confidence intervals via bootstrapings (1,000 bootstraps) by randomly 
selecting genes with replacement as described in (SMITH and EYRE-WALKER 2002). 
Scan for footprints of selection using pool_hmm 
BOITARD et al. (2013) developed a program, pool_hmm to estimate allele frequencies and 
detect selective sweeps for NGS pooled samples. This method relies on detecting the allele 
frequency spectrum (AFS) through sliding window analysis across the whole genome. AFS is 
expected to be distorted in regions subject to selection. The following options were switched on for 
this program: -c 6 -k 0.0000001 -C 1000 --pred --theta 0.005. In practice, the –k option is the most 
critical parameter which defines the transition probability of an allele among (i) neutral (ii) 
intermediate and (iii) selected states. The larger this value, the less evidence needed for transition 




 to see how this affects the number of candidates detected.  
Genomic determinants of protein evolution 
To assess the potential genomic factors that are correlated with protein evolution, I measured 
the degree of partial correlation coefficients between gene expression level, FST, Tajima’s Pi as 
introduced by RENAUT et al. (2012a).  
Population history inference 
I relied on KimTree (GAUTIER and VITALIS 2013) to infer population history. KimTree is able 
to estimate population (ecotype) divergence time (measured in terms of Ne) from large SNP 
datasets. This software has been extended to process poolseq data. It also enables to retrieve the 
correct tree topology among a set of competing histories based on deviance information criterion 
(DIC). Here I applied this software to our data to evaluate the most likely topology and calculate 
divergence time among ecotypes using large amount of SNPs. These SNPs are from those used for 
population genomics analyses and have depth no less than 30, with minor allele frequency no less 
than 5.  
Gene enrichment analysis  
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Gene-Enrichment analyses were carried out using DAVID (the database for annotation, 
visualization and integrated discovery) (DENNIS JR et al. 2003; HUANG et al. 2007; HUANG et al. 
2008) for genes of interests, including those showing differential expression patterns between 
ecotypes, genes that are positively selected, outlier loci from population genetics analyses and gene 
families derived from WGD. The results will allow characterizing over-represented functional 
categories and ecologically relevant information. In order to more intuitively estimate the 
ecologically relevance of candidate genes, I assigned each candidate gene with GO terms at the 
biological processes level using GOTermMapper (http://go.princeton.edu/cgi-bin/GOTermMapper). 
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RESULTS AND DISCUSSION 
Transcriptome assemblies for different ecotypes 
The assembly strategy used in this study was intuitively shown in Figure 1. Transcriptome 
assembly was done using both de novo assembly and reference-guided assembly. Results are shown 
in Table 1. Since the assembly will be used for downstream population genomics analyses. I 
mapped reads back to assemblies and filtered each assembly based on expression levels to choose 
representative transcripts, as described in (YANG and SMITH 2013). The same set of metrics was 
calculated again for the representative transcripts. Results were shown in Table 2. Metrics are more 
consistent across ecotypes compared with those calculated for raw assemblies. This suggests un-
biased sampling, which guarantees fair differential expression comparisons (transcripts abundance) 
across ecotypes. Assembly completeness estimate using the Core Eukaryotic Genes (CEGs) (PARRA 
et al. 2007) and Full-Lengther pipeline also detected similar number of full-length CEGs and total 
number of CEGs across ecotypes, as shown in Table 3. These suggest that our results are very 
suitable for comparative analyses. I also annotated sequences for all ecotypes and plotted the Gene 
Ontology annotations in Figure 2.  
Expression abundance and differential expression analyses 
Using methods introduced in (HAAS et al. 2013), I performed abundance analyses and 
differential expression (DE) analyses. To assure the accuracy of DE analyses, I defined transcripts 
that are at least 16-fold differentially expressed with false discovery-corrected statistical 
significance at most 0.001 as DE candidates. This enabled us to find DE candidates between any 
pair of ecotypes as shown in Table 4. To find if the DE candidate appeared in more comparisons, I 
scanned DE candidates across all comparisons to calculate the number of DE candidates unique to 
any one comparison. The results were shown in Table 4 as well. I found relatively small proportion 
of DE candidates that are unique to any single pairwise comparison. This suggests that repeated 
ecotypic divergence might be relied on differential expression of different transcripts (or isoforms). 
To show the difference of expression profiles among all ecotypes, I performed hierarchical 
clustering to group together transcripts with similar expression patterns as well as those samples 
having similar expression profiles according to transcripts. Results were shown in Figure 2. The left 
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panel is a clustered heat-map image showing the relative expression levels of each transcript (rows) 
in each ecotype, while the right panel shows the pair-wise Spearman correlations between ecotypes. 
Both graphs demonstrate that Dune and Headland ecotypes have similar expression patterns with 
each other compared with the rest ecotypes.  
To acquire a general idea about the function of the identified DE candidates, I performed 
function annotation and gene-enrichment analyses using DAVID (DENNIS JR et al. 2003). Results 
are shown in supplemental Table S2. In order to more intuitively show the ecological relevance of 
DE candidates, I also assigned the GO ‘biological process’ terms to them. The top 5 most enriched 
GO ‘biological process’ terms are ‘biosynthetic process’, “response to stress (both biological and 
abiotic)’, ‘cellular nitrogen compound metabolic process’, ‘anatomical structure development’ and 
‘small molecule metabolic process’. It is exciting to find differentially expressed genes enriched in 
‘response to stress’ and ‘anatomically structure development’ because these ecotypes have 
strikingly different phenotypes and pest predation has been found in wild populations by MELO et al. 
(2014).  
Orthologs identification and molecular evolution analyses 
Using predicted protein sequences for all four ecotypes, OrthoMCL (version 2.0) determined 
on average 14,044 orthologs for each pairwise comparison. The number of orthologs identified for 
each pairwise-comparison was shown in Table 5, along with the number of positively selected 
candidates. Interestingly, the number of orthologs and positively selected candidates between 
comparisons are very similar. Different from that found in differential expression analysis, most 
(except Alpine and Headland comparison) of the positively selected candidates are unique to single 
pairwise comparison. There are only three candidates (annotated in terms of TAIR ID) that are 
common to all comparisons, among which gene AT2G40240 has unknown function, but its product 
is known to be located in mitochondrion. Gene AT3G53970 is probable proteasome inhibitor 
involved in regulation of uni-dimensional cell growth. Gene AT1G22610 encodes a C2 
calcium/lipid-binding plant phosphoribosyltransferase family protein, which could be located in 
plasmodesma and chloroplast. Interestingly, I realized that the average dN/dS ratios are almost the 
same for all comparisons. This may be a result of very recent divergence of these ecotypes as 
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revealed by our previous analyses (RODA et al. 2013) and perhaps relatively constant mutation rates 
in coding sequences across ecotypes. The annotation for all positively selected candidate genes was 
shown in Table S3. The top five most enriched biological processes are ‘reproduction’, ‘cell 
morphogenesis’, ‘immune system process’, ‘circulatory system process’ and ‘carbohydrate 
metabolic process’. These are different from the most enriched DE candidates but the whole list of 
the two analyses do have overlaps (e.g., ‘reproduction’ process), suggesting candidate genes 
underlining adaptive divergence can realize their contribution through either differential expression 
or/and sequence divergence.   
Population genetics statistics computed by popoolation  
I calculated the most common population genetics statistics, namely the Watterson’s estimator 
(θ), nucleotide diversity π, Tajima’s D, using popoolation (KOFLER et al. 2011a). I also included 
other neutrality test parameters such as Fay and Wu’s H (calculated by npstat) into account. Fay and 
Wu’s H is calculated by distinguishing population polymorphisms and divergence, thus is able to 
find selective sweep reflected in high frequencies of derived variants. Both D and H tests can be 
complicated by population histories, such as population growth and contraction, but D is calculated 
using sequence heterozygosity and number of polymorphic sites information and has been shown to 
be sensitive to population growth (SLATKIN and HUDSON 1991; FU 1997) while H is calculated 
using sequence heterozygosity and frequency of derived mutations and has been shown to be 
sensitive to population shrinkage (FU 1997). This allows us to distinguish between selection and 
populations dynamics with the population genomics divergence and polymorphism data. Both 
statistics used here are adapted for pooled samples and are supposed to aid to population genomics 
analyses in pooling sequencing data.  
The results of θ, π, and Tajima’s D were shown in Table 6. The number of qualified loci after 
quality and depth filtering is very consistent across ecotypes. The overall sequence diversity is 
similar across ecotypes except for the tableland ecotype as shown in Table 6 and Figure 4. This 
implies that tableland ecotype contain more monomorphic loci increasing the proportion of loci 
with low π (close or equal to 0). The average Tajima’s D value is negative across all ecotypes. 










; DECOT=-0.450±1.00, t=-97.622, p<2.2e
-16
). Across loci and 
ecotypes, D was found to be highly correlated (shown in Figure 5), suggesting recent divergence 
and/or population history after divergence across ecotypes.  
I also calculated π and D solely for genic regions. Results were also shown in Table 6. The 
overall sequence diversity (π) of coding regions was also found to be very low and the D values 
were significantly negative. A negative Tajima’ D value implies an excess of low frequency 
polymorphisms relative to expectation, indicating population growth after a recent bottle neck, 
recent positive selection or linkage to a swept gene (TAJIMA 1989).  
I also obtained normalized H for all ecotypes. I found that negative H across all ecotypes (one 
sample t-test: tAlpine = -22.3892, p-value < 2.2e-16; tDune = -16.7081, p-value < 2.2e-16; tHeadland = -
4.6774, p-value = 1.492e-06; tTableland = -24.2698, p-value < 2.2e-16). A negative H indicates an 
excess of high frequency derived SNPs (STERKEN et al. 2009), which could result from population 
bottleneck, recent selective sweeps or strong population structure such as population contraction.  
Detection of selection footprints using Pool_hmm 
Population differentiation determined using popoolation2 
I measured population differentiation by calculating FST for all orthologous loci between all 
possible six pairwise comparisons using Popoolation2 (KOFLER et al. 2011b). I defined ‘outlier FST’ 
as those sites with Boferroni-corrected P-values less than 5% (correcting by number of SNPs 
identified) in Fisher’s exact tests (FET). Number of outlier SNPs, overall FST across all loci and 
genic regions were calculated for all possible comparisons and results were shown in Table 11. The 
overall FST for all ecotypes is surprisingly low (shown in Table 7), while the outliers show 
significantly elevated inter-ecotypic genetic differentiation. The genome wide distribution of FST 
values is shown in Figure 6. All the frequency distributions are skewed in ‘L-shape’ because of low 
differentiation across most of the loci.  
Annotation of these outliers and the most enriched GO biological process terms were shown 
in Table S4. The top five significantly enriched GO biological processes are ‘reproduction’, ‘cell 
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morphogenesis’, ‘immune system process’, ‘carbohydrate metabolic process’ and ‘generation of 
precursor metabolites and energy’.  
Proportion of positively selected substitutions 
The contribution of adaptive evolution relative to genetic drift is a fundamental problem in 
molecular evolution (KIMURA 1984; GILLESPIE 1991). In the present study, I applied SMITH and 
EYRE-WALKER (2002)’s method to estimate the proportion of adaptive substitutions (i.e., α). This 
method is an extension of McDonal and Kreitman test (MCDONALD and KREITMAN 1991). I used 
G-test to determine the outlier loci significantly deviate from neutral expectation. Among these 
outlier loci, I chose the ones with dN/dS ratio greater than pN/pS as candidates experienced 
adaptive evolution. Table 8 shows the average proportion of adaptive substitutions detected in all 
ecotypes. I found that α for all ecotypes are significantly negative, implicating very low proportion 
of adaptive evolution in S. lautus. I also realized that a previous study (GOSSMANN et al. 2010) 
aiming at estimating proportion of adaptive evolution in multiple plant species also ended up with 
finding little evidence of adaptive amino acids substitutions except sunflowers. Since there are 
studies that have detected positive relationship between proportion of adaptive evolution and 
effective population size in animals, bacterial (ANDOLFATTO 2001; SMITH and EYRE-WALKER 2002; 
BIERNE and EYRE-WALKER 2004; CHARLESWORTH and EYRE-WALKER 2006; WELCH 2006; 
BACHTROG 2008; PIGANEAU and EYRE-WALKER 2009) and a couple of plant species (STRASBURG 
and RIESEBERG 2008; FOXE et al. 2009). The prevailing low proportion of adaptation in S. lautus 
might implicate a small effective population size. Besides, a negative α could be due to many 
slightly deleterious mutations (SDMs) segregating in the current population. The SDMs could bias 
the estimation of α. Because if the current effective population size is smaller than during 
divergence of different ecotypes being considered, then SDMs segregating in the current population 
would not have segregated or fixed in the past, thus leading to underestimation of α. To minimize 
the effect of SDMs, I applied the method of (BIERNE and EYRE-WALKER 2004) to our data set by 
removing polymorphisms below a frequency of 15%. But the analyses still detected significantly 
negative α for all ecotypes. This indicates with more likelihood that S. lautus genome has lower 
proportion of adaptive evolution and the ecotypes involved in this study may be rich in SDMS.  
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Based on MK-test, only a few loci were identified as candidates subjected to positive 
selection. Results from MK-test are shown in Table 8. Assigning ‘biological process’ GO terms to 
these candidates (see Table S5 for the complete list), I found that the top five frequent biological 
processes that the candidates involved in are ‘anatomical structure development’, ‘biosynthetic 
process’, ‘response to stress’, ‘reproduction’ and ‘transport’.  
Detection of Hybridization  
By comparing the orthologs between ecotypes and check the distribution of lower Ks values 
(shown in Figure S1), I did not find any secondary peaks representing recent gene flow. There are 
two alternatives to explain this observation. Firstly, these ecotypes have recently diverged from a 
common ancestor. This means sequence divergence is small across the whole genome. Therefore, 
even gene flow happened at the whole genome level, the close orthologs (i.e., 0.01<Ks<0.1) will be 
indistinguishable based on their originations. Alternatively, this could also imply no gene flow 
between ecotypes. If the second case is true, fast-evolved reproductive isolation between ecotypes is 
expected. A recent study combining the field and common garden experiments have found strong 
extrinsic barriers to gene flow between Dune and Headland ecotypes (MELO et al. 2014). Therefore, 
the monomorphic distribution of close orthologs between ecotypes tends to reflect lack of gene flow 
among them. 
Population history inference  
I used KimTree to infer the topology and divergence time of different S. lautus ecotypes 
based on 34,548 SNPs. These SNPs consist of the outlier SNPs and those adjacent to outlier SNPs. 
These SNPs are the ones that can genetically distinguish different ecotypes since they are more 
likely to be under divergent selection. KimTree allows estimating divergence time based on a 
diffusion time-scale from large SNP datasets as well as assessing model fit using the deviance 
information criterion (DIC) to determine the most likely population history represent as tree 
topology (GAUTIER and VITALIS 2013). I ran KimTree with three possible topologies (shown in 
Table 9 and Figure 7 and Figure S2) of the four ecotypes involved in this study. Base on DIC, I 
found topology 1, i.e., ((A,T), (D,H)) to be the most likely phylogeny for the ecotypes involved in 
the present study. This topology has very short internal branches, implying very recent divergence 
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of the taxa. Interestingly, this topology is different from the topology describing expression profiles 
of the four ecotypes, with Alpine and tableland ecotypes not clustered in the later. Since gene 
expression is well known to be sensitive to environmental perturbation (GIBSON 2008), it is 
expected that the uncorrelated sequence and expression divergence patterns implicates 
complementary contributions to adaptive radiation through two different mechanisms. 
Cross-examine different analyses 
Since multiple parameters have been calculated to identify candidates contributing to 
divergence of the four ecotypes during adaptation to different environments, it is interesting to 
know whether the same set of genes/loci have been utilized repeatedly in repeated adaptation. It is 
also important to know if there exist candidates that can be identified by multiple methods. The 
former question is critical to understand whether speciation via adaptation to different environments 
can proceed by using the same set of alleles (present as standing genetic variations) (FEDER et al. 
2003; COLOSIMO et al. 2005; SCHLUTER and CONTE 2009; JONES et al. 2012b) or by recruitment of 
different genes. The second is essential to guarantee as many candidate genes as possible can be 
identified.  
Besides, it is difficult to interpret those population genetics parameters, such as Tajima’s D, 
Fay and Wu’s H, separately when the population history is unknown. In our study, I obtained 
negative D and H. A negative Tajima’s D averaged across all loci reflects relatively low proportion 
of alleles of intermediate frequencies. This could be due to either population growth after 
population contraction (also known as bottle neck or founder effect) or due to selective sweeps 
(TAJIMA 1989). While the widespread negative H across loci may reflect population bottleneck or 
selective sweeps, both scenarios are featured by excessive number of low-frequency variants. Taken 
both statistics into consideration, I still cannot determine the role of selection and population history 
resulting in the observed negative population parameters. However, MK-test found very small set of 
genes under positive selection and abundant of SDMs. MK-test was shown to be free from 
demographic assumptions (NIELSEN 2001; EYRE-WALKER 2002). Therefore, I can conclude that the 
populations of these ecotypes have been undergoing population expansion after recent population 
contraction and possibly under purifying selection.   
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Each of FST outliers, MK-test and molecular evolutionary analyses can be used to identify 
candidate genes under selection. However, the FST outlier tests method has been found to be prone 
to false positives (i.e., type I error) (BIERNE et al. 2013; FOURCADE et al. 2013) especially when 
there are strong correlation in co-ancestry (FOURCADE et al. 2013) and when its basic assumption, 
i.e., ‘most loci evolve neutrally and can thus be used to infer the neutral FST distribution’, is often 
violated because all loci of the genome are affected by selection to some extent (BIERNE et al. 2013). 
Since our analyses showed that the system has diverged very recently, I do not expect the existence 
of genome wide genetic barriers. But our analyses could have been affected by co-ancestry among 
populations involved in the present study. On the other hand, MK-test was shown to be free from 
demographic assumptions (NIELSEN 2001; EYRE-WALKER 2002) and robust to recombination rates 
(SAWYER and HARTL 1992). Therefore, MK-test should have less false positives than FST outlier 
test. Similarly, the dN/dS ratio method is also constructed without demographic assumptions and 
considering only fixed differences among populations, thus should be very reliable. The 
combination of these methods should guarantee the identification of a very reliable set of candidate 
genes that are subject to positive selection during the adaptive divergence of S. lautus ecotypes. The 
results of combining different methods to identify positively selected candidates are shown in Table 
11. I obtained more results with FST outlier methods than the ones based on ratio of synonymous 
and non-synonymous substitutions. After cross-examination of different methods, I got the most 
reliable sets of candidate genes under positive selection (Table 11 and Table 12). Only a small 
proportion (less than 25%) of these candidate genes also show signature of differential expression. 
This suggests the uncoupled relationship between patterns of gene expression and coding sequence 
evolution. The independence of gene expression and coding sequence divergence detected in this 
study may be a result of the fast adaptive divergence over short time-scale.  
Except for cross-examining the candidate genes identified by different methods for specific 
comparisons, I also compared candidate genes identified for different comparisons. I found only 
three genes that are identified as under positive selection and only one (AT5G07610) of them is 
differentially expressed across all comparisons (Table 11). This implicates different genes have 
been recruited during ecological adaptation. Nevertheless, evolutionary convergence can happen at 
both the gene level and biochemical pathways level. Thus I also explored the evolutionary 
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convergence at a higher level by searching the GO ‘biological process’ terms of the candidates. 
Results shown in Table 12 demonstrate that the number of biological processes that the candidates 
genes take part in are more consistent than the number of genes identified. The final cross-
examination of different analyses and different comparisons lead to the finding of twelve biological 
processes that could have underlined the adaptive divergence of S. lautus ecotypes. Among these 
biological processes, I found the following exciting gene ontology terms: ‘anatomical structure’, 
‘response to stress (biotic or abiotic)’ and ‘reproduction’. These biological processes can explain the 
adaptive phonotypical divergence observed in the field. For example, the striking difference in 
phenotypes could be underlined by genes involved in ‘anatomical structure’ process, the genes 
annotated as ‘response to stress (biotic and abiotic)’ could be true as MELO et al. (2014) found 
different salt tolerance among ecotypes as well as predation mediated extrinsic reproductive 
isolations between the Dune and Headland ecotypes. While the enrichment of genes with annotation 
of “reproduction’ might reflect the fitness differences among ecotypes as a result of natural 
selection.   
CONCLUSION  
In the present study, I applied pooling RNAseq to a rapid diverging plant species – S. lautus. I 
found, via population genomics analyses, that the ecotypes involved in this study have recently 
diverged and have been growing after population shrinkage. I was also able to identify candidate 
genes that are potentially important for ecological adaptation and ecotypic divergence. These 
candidates diverge either at the sequence level or/and at gene expression level and complementarily 
contribute to adaptation. Our study has shown that pooling RNAseq can be an effective approach to 
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Table1. Assembly metrics for assembled transcriptomes of different ecotypes based on de novo (NOVO) and reference guided assembly 
(RGA). NOVO means de novo assembly while RGA means reference guided assembly. 
 
 Alpine Dune Headland Tableland 
 NOVO RGA NOVO RGA NOVO RGA NOVO RGA 
Longest sequence 12,136 9,134 12,012 9,194 12,077 12,078 11,426 12,078 
Mean length 883.06 906.95 860.64 880.27 904.8 945.06 894.95 945.06 
N50 1,369 1,250 1,315 1,208 1,421 1,297 1,371 1,297 
No. of transcripts 108,818 88,931 101,991 87,645 103,373 84,437 106,276 84,437 
No. of transcripts >=1kb 35,200 30,137 31,905 28,176 35,123 30,276 35,211 30,276 
No. of transcripts in N50 22,754 21,128 21,611 20,867 21,662 20,232 22,668 20,232 
Total bases 96,092,724 80,655,856 87,777,609 77,151,516 93,531,719 79,797,731 95,112,017 79,797,731 
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Table2. Assembly metrics after filtration based on expression levels.   
  Alpine Dune Headland Tableland 
Longest sequence 12,136 11,998 12,077 11,426 
Mean length 657.41 667.06 665.5 672.75 
N50 1,065 1,070 1,110 1,086 
No. of transcripts 51,263 46,362 50,085 48,128 
No. of transcripts >=1kb 10,196 9,504 10,324 10,028 
No. of transcripts in N50 9,383 8,688 9,041 8,969 





Table3. Completeness estimation based on CEGs. CEGs stand for core eukaryotic genes.  
 Alpine Dune Headland Tableland 
Full Length CEGs 370 368 357 379 
Total CEGs 440 437 417 437 
Functionally annotated 
Genes 
21,409 21,308 21,477 21,354 
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Table4. Differential gene expression (DE) analyses (16 folds change of expression level detected with PFDR=0.001).  
DE candidates were also compared among different comparisons to look for those unique to a given pair-wise comparison.  
A, D, H, and T stand for Alpine, Dune, Headland, and Tableland ecotypes respectively.   
 
 AD AH AT DH DT HT 
NO. of candidates before filtering 1,138 1,081 1,136 540 1,017 847 















Table5. Summary of molecular evolution analyses. A, D, H, and T stand for Alpine, Dune, Headland, and Tableland ecotypes respectively. 
Common candidates are demonstrated using Arabidopsis thaliana gene ID.    
 
 AD AH AT DH DT HT 
No. of Orthologs after filtering 13,800 14,232 14,036 14,236 13,768 14,193 
No. of Positively selected after filtering 355 350 371 369 350 361 
Mean dN/dS 0.28(0.34) 0.28(0.34)   0.28(0.33) 0.29(0.35)  0.29(1.01) 0.28(0.40)  
Unique Candidates 306 97 271 265 261 368 
Common candidates 
AT2G40240: Pentatricopeptide repeat-containing protein 
AT3G53970: Probable proteasome inhibitor; 
AT1G22610: C2 calcium/lipid-binding plant phosphoribosyltransferase family protein 
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Table6. Population genetics parameters for different ecotypic populations. 
 
 Alpine Dune Headland Tableland 
Number of loci 38,736 37,964  38,849 38,116 
Number of SNPs 2,557,163 2,518,227 2,346,233 2,557,120 
Pi ± sd (overall) 0.047 ± 0.039 0.047 ± 0.039 0.046 ± 0.038 0.027 ± 0.025 
Pi ± sd (genic) 0.024 ± 0.020 0.043 ± 0.033 0.043 ±0.033 0.043 ± 0.031 
Theta ± sd  0.06 ± 0.04 0.06 ± 0.04 0.05 ± 0.04 0.03 ± 0.03 
D ± sd (overall) -0.63 ± 0.99 -0.54 ± 0.99 -0.45 ± 1.01 -0.45 ± 1.00 
D ± sd (genic) -0.596 ± 0.849 -0.34±0.71 -0.43±0.81 -0.37±0.74 
Fay and Wu’s H -0.49 ±0.95  -0.42±1.71  -0.39±5.77 
  
 -0.39 ±1.01  
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Table7. Population differentiation analyses using popoolation2. A, D, H and T represent Alpine, Dune, Headland and Tableland ecotypes 
respectively. 
 AD AH AT DH DT HT 
       
Mean FST (overall) 0.133±0.169 0.099±0.123 0.127±0.165 0.106±0.141 0.133±0.167 0.114±0.150 
Mean FST (genic) 0.109±0.128 0.083±0.089 0.103±0.125 0.087±0.105 0.106±0.123 0.091±0.108 























No. of FST outliers 2.838 1,955 2,826 2,823 2,819 2,814 
Mean FST of outliers 0.726±0.174 0.696±0.166 0.733±0.171 0.716±0.169 0.725±0.172 0.718±0.168 
No. of annotated genes carrying outlier FST 1,325 393 1,221 864 1,298 1,015 
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Table8. Summary of the results from Npstat. Alpha: proportion of substitutions fixed by positive selection averaged across all genes. Alpha value 
was derived from MK-test. CI: Confidence Interval calculated as Smith and Eyre-Walker (2002). 
 
 Alpine Dune Headland Tableland 








Alpha and CI 









No. of loci under adaptive evolution (G-test) 47 62 75 77 
Alpha for adaptive evolution loci 0.853±0.104 0.871±0.084 0.827±0.101 0.867±0.083 
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Table9. Inference of possible phylogenies using KimTree. 
‘A DIC (deviance information criterion) difference larger than 10 units between any two models is generally regarded as strong evidence (in term of 








DIC 696390.1057 696955.0331 697845.5578 
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Table10. Cross-examine different analyses at gene level. All the statistics are based on annotated genes. ME: Molecular evolution analysis; MK: 
MK-test; DE: Differential expression analysis; A, D, H, and T stand for Alpine, Dune, Headland, and Tableland ecotypes respectively. Any 
combination of two of them represents a pairwise comparison.  
 AD AH AT DH DT HT 
Fst Outliers 1,226  1,607 1,242 1,262  1.210  1,262 
ME Candidates 385 235 321 274  316  360 
MK candidates 47 + 62 47 +75 47 + 77 62 + 75 62 + 77 75 + 77 
Common to the above  80 61 74 89 89 125 
DE candidate 640 616 635 367 609 518 
Common to all methods 18 16 17 23 19 36 
Common to all comparisons 3 ( AT1G13570,  AT4G13750,  AT5G07610) 
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Table11. Cross-examine different analyses at GO biological process level. All the statistics are based on annotated genes.  
 AD AH AT DH DT HT 
Fst Outliers 58 58 60 62 59 59 
ME Candidates 59 58 59 59 60 60 
MK candidates 56 59 57 60 58 59 
Common to the above  58 58 60 60 58 59 
DE candidate 58 61 60 60 58 61 
Common to all methods 12 12 12 13 12 12 
Common to all comparisons 12 (aging, anatomical, photosynthesis, pigmentation, 
reproduction, transport, growth, stress response, 
chromosome organization, cellular nitrogen compound 





Figure1. Transcriptome assembly and downstream analyses flowchart of four ecotypes 
of Senecio lautus. 
Figure2. Gene annotation for different Senecio lautus ecotypes. Alpine ecotype (ECOA), 
Dune ecotype (ECOD), Headland ecotype (ECOH) and Tableland ecotype (ECOT) annotations 
were shown in separate graphs. Frequencies of Gene ontology (GO) terms were plotted at three 
levels, i.e., cellular component, Biological process, and Molecular function. 
Figure3. Differential Gene expression analyses for four ecotypes of Senecio lautus. The 
ecotypes involved in this analysis are Alpine (ECOA), Dune (ECOD), Headland (ECOH) and 
Tableland (ECOT). The left heat map shows the relative expression levels of each transcript (rows). 
Rows and columns are hierarchically clustered. Expression values (RPKM) are log2 transformed; 
the right heat map shows hierarchically clustered Spearman correlation matrix resulting from 
comparing the transcript expression values (TMM-normalized FPKM) for each pair of samples. 
Figure4. Sequence diversity of the four Senecio lautus ecotypes. The distribution of 
sequence diversity (π, all sites) across the transcriptome of Alpine ecotype (ECOA), Dune ecotype 
(ETD), Heanland ecotype (ECOH) and Tableland ecotype (ECOT). X-axis labels show the middle π 
value of each bin.  
Figure5. Correlation analyses of Tajima’s D among four Senecio lautus ecotypes. ECOA, 
ECOD, ECOH and ECOT are correspondent to Alpine ecotype, Dune ecotype, Headland ecotype 
and Tableland ecotype.  
Figure6. Genome wide FST distributions for all possible pairwise comparisons among 
four Senecio lautus ecotypes. ECOA, ECOD, ECOH and ECOT stand for Alpine ecotype, Dune 
ecotype, Headland ecotype and Tableland ecotype. The red vertical lines show the threshold of 
outlier values. 
Figure7. Population history inferences for S. lautus ecotypes. P1, P2, P3 and P4 are 
correspondent to Alpine, Dune, Headland and Tableland ecotypes. The topology (T1) shown here is 
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the most reliable one based DIC (deviance information criterion) test. The alternative topologies are 

















































Table S1. Sampling sites of different ecotypes. 
ecotype  code collection site Coordinates habitats 
Alpine Alpine Fall-Creek  -36.8726389, 147.2887500 Alpine 
Dune Dune Lennox head Surf Club -28.7863056, 153.5833333 Sand dune 
Headand Headland Lennox head Surf Club -28.8061389, 153.6027611 Rocky headland 
Tableland Tableland O'Reilley's, Lamington National Park -28.2305083, 153.1350778 Mountain rainforest 
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Table S2. Annotation of the significantly enriched differentially expressed isoforms. A, D, H 
and T stand for Alpine, Dune, Headland, Tableland ecotypes respectively. The combination of any 
two of them means differential expression analysis between the two ecotypes. 
GOID Biological Processes AD AH AT DH DT HT 
GO:0009058 biosynthetic process 87 71 103 50 55 94 
GO:0006950 response to stress 69 71 92 40 62 89 
GO:0034641 
cellular nitrogen compound 
metabolic process 
63 51 60 36 32 63 
GO:0048856 anatomical structure development 55 46 59 39 34 59 
GO:0044281 small molecule metabolic process 45 46 65 40 30 50 
GO:0006464 cellular protein modification process 41 33 38 23 24 39 
GO:0009056 catabolic process 40 34 40 20 17 36 
GO:0000003 Reproduction 39 33 44 28 24 43 
GO:0006810 Transport 39 37 74 27 23 37 
GO:0005975 carbohydrate metabolic process 31 26 33 13 18 28 
GO:0007165 signal transduction 31 28 31 19 26 27 
GO:0006629 lipid metabolic process 22 17 30 14 16 22 
GO:0051276 chromosome organization 20 10 14 4 6 17 
GO:0002376 immune system process 17 22 29 17 16 24 
GO:0007049 cell cycle 16 13 18 7 10 23 
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GO:0006259 DNA metabolic process 15 11 16 7 15 19 
GO:0006605 protein targeting 15 11 22 9 11 13 
GO:0030154 cell differentiation 15 18 15 8 11 19 
GO:0051186 cofactor metabolic process 15 9 16 11 4 12 
GO:0006520 
cellular amino acid metabolic 
process 
14 12 21 15 8 14 
GO:0009790 embryo development 14 11 13 17 7 14 
GO:0040007 Growth 14 14 16 5 10 12 
GO:0051301 cell division 13 8 14 6 9 16 
GO:0007010 cytoskeleton organization 12 11 18 7 10 11 
GO:0008219 cell death 11 12 19 8 11 14 
GO:0022607 cellular component assembly 11 9 13 6 5 16 
GO:0006790 sulfur compound metabolic process 10 9 11 8 5 8 
GO:0065003 macromolecular complex assembly 10 9 12 4 4 11 
GO:0071554 cell wall organization or biogenesis 10 11 15 5 5 14 
GO:0006091 
generation of precursor metabolites 
and energy 
9 12 14 3 3 6 
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Continuation Table S2. Annotation of the significantly enriched differentially expressed isoforms.  
GOID Biological Processes AD AH AT DH DT HT 
GO:0006461 protein complex assembly 9 8 12 3 3 10 
GO:0016192 vesicle-mediated transport 9 6 14 5 10 10 
GO:0019748 secondary metabolic process 9 7 22 8 3 12 
GO:0061024 membrane organization 9 12 16 8 8 14 
GO:0000902 cell morphogenesis 8 8 11 6 7 16 
GO:0008283 cell proliferation 8 4 6 2 2 5 
GO:0006412 Translation 7 7 8 4 3 7 
GO:0042592 homeostatic process 7 8 9 5 1 4 
GO:0055085 transmembrane transport 7 7 10 4 1 4 
GO:0006399 tRNA metabolic process 5 5 6 5 3 3 
GO:0006457 protein folding 5 6 9 2 4 7 
GO:0007059 chromosome segregation 5 3 4 2 2 3 




5 5 3 1 2 4 
GO:0048646 
anatomical structure formation 
involved in morphogenesis 
5 4 6 2 3 6 
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GO:0006397 mRNA processing 2 3 0 1 0 1 
GO:0006913 nucleocytoplasmic transport 2 0 4 1 2 0 
GO:0007005 mitochondrion organization 2 2 2 1 3 2 
GO:0007034 vacuolar transport 2 0 1 1 1 1 
GO:0007568 Aging 2 2 2 2 0 4 
GO:0043473 Pigmentation 2 4 3 4 1 2 
GO:0007067 mitotic nuclear division 1 1 3 0 0 1 
GO:0007155 cell adhesion 1 2 2 1 0 1 
GO:0015979 Photosynthesis 1 3 4 3 1 3 
GO:0042254 ribosome biogenesis 1 0 2 2 1 3 
GO:0044403 
symbiosis, encompassing mutualism 
through parasitism 
1 2 4 3 0 7 
GO:0007267 cell-cell signaling 0 2 2 2 0 5 
GO:0040011 Locomotion 0 0 1 0 0 0 
GO:0051604 protein maturation 0 1 4 0 1 1 
GO:0071941 nitrogen cycle metabolic process 0 1 0 1 0 1 
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Table S3. Annotation of positively selected genes. A, D, H, and T stand for Alpine, Dune, 
Headland, and Tableland ecotypes respectively. 
GOID biological Processes AD AH AT DH DT HT 
GO:0000003 Reproduction 57 36 49 45 42 51 
GO:0000902 cell morphogenesis 12 7 11 12 14 9 
GO:0002376 immune system process 17 12 14 16 24 20 
GO:0003013 circulatory system process 0 0 0 0 0 0 
GO:0005975 carbohydrate metabolic process 28 16 21 14 23 28 
GO:0006091 
generation of precursor 
metabolites and energy 
10 5 6 4 10 10 
GO:0006259 DNA metabolic process 26 22 22 24 19 22 
GO:0006397 mRNA processing 6 1 1 5 2 4 
GO:0006399 tRNA metabolic process 1 1 3 5 3 1 
GO:0006412 Translation 7 1 6 5 4 3 
GO:0006457 protein folding 10 1 6 5 8 8 
GO:0006461 protein complex assembly 11 9 12 9 15 14 
GO:0006464 
cellular protein modification 
process 
49 28 37 32 36 38 
GO:0006520 
cellular amino acid metabolic 
process 
16 6 11 12 12 6 
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GO:0006605 protein targeting 16 9 9 14 17 12 
GO:0006629 lipid metabolic process 15 11 15 21 19 16 
GO:0006790 
sulfur compound metabolic 
process 
13 6 6 8 7 6 
GO:0006810 Transport 43 22 34 30 34 27 
GO:0006913 nucleocytoplasmic transport 5 2 2 4 6 5 
GO:0006950 response to stress 67 46 54 52 66 56 
GO:0007005 mitochondrion organization 1 1 1 2 2 2 
GO:0007009 plasma membrane organization 0 0 0 0 0 0 
GO:0007010 cytoskeleton organization 13 11 11 8 9 14 
GO:0007034 vacuolar transport 1 4 1 1 0 1 
GO:0007049 cell cycle 26 22 20 20 20 28 
GO:0007059 chromosome segregation 12 7 7 6 6 6 
GO:0007067 mitotic nuclear division 4 1 1 1 2 1 
GO:0007155 cell adhesion 1 1 3 4 2 1 
GO:0007165 signal transduction 25 14 21 21 29 24 
GO:0007267 cell-cell signaling 2 3 2 2 2 5 
GO:0007568 Aging 5 3 3 1 2 2 
GO:0008219 cell death 8 4 8 5 15 9 
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GO:0008283 cell proliferation 9 5 8 5 6 9 
GO:0009056 catabolic process 36 26 26 25 42 29 
GO:0009058 biosynthetic process 109 63 72 82 101 99 
GO:0009790 embryo development 12 6 11 11 14 14 
GO:0015979 Photosynthesis 7 2 5 4 6 7 
GO:0016192 vesicle-mediated transport 6 3 3 4 4 5 
GO:0019748 secondary metabolic process 8 8 7 7 8 9 
GO:0021700 developmental maturation 4 3 7 7 6 5 




1 1 1 1 1 2 
GO:0030154 cell differentiation 20 15 23 18 20 16 




0 0 0 0 0 0 
GO:0032196 Transposition 0 0 0 0 0 0 
GO:0034330 cell junction organization 0 0 0 0 0 0 
GO:0034641 
cellular nitrogen compound 
metabolic process 
88 61 69 78 92 84 




GO:0040007 Growth 15 9 17 11 17 16 
GO:0040011 Locomotion 0 1 0 0 0 1 
GO:0042254 ribosome biogenesis 4 0 1 2 2 5 
GO:0042592 homeostatic process 8 6 6 5 4 4 
GO:0043473 Pigmentation 3 1 1 1 1 1 
GO:0044281 small molecule metabolic process 38 23 31 39 48 32 
GO:0044403 
symbiosis, encompassing 
mutualism through parasitism 
4 5 3 4 4 6 
GO:0048646 
anatomical structure formation 
involved in morphogenesis 
10 9 12 9 11 14 
GO:0048856 anatomical structure development 71 45 73 58 60 70 
GO:0048870 cell motility 0 0 0 0 0 0 
GO:0050877 neurological system process 0 0 0 0 0 0 
GO:0051186 cofactor metabolic process 7 5 5 6 11 11 
GO:0051276 chromosome organization 37 25 23 25 29 23 
GO:0051301 cell division 21 17 18 14 16 19 
GO:0051604 protein maturation 1 0 1 2 1 2 
GO:0055085 transmembrane transport 4 6 4 6 2 1 
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12 10 13 10 16 16 
GO:0071554 
cell wall organization or 
biogenesis 
16 8 11 13 14 10 




Table S4. Annotation of FST outliers. ECOA, ECOD, ECOH and ECOT represent Alpine, Dune, Headland and Tableland ecotypes respectively. 
GOID Biological Process AD AH AT DH DT HT 
GO:0000003 reproduction 96 30 91 56 94 99 
GO:0000902 cell morphogenesis 34 10 27 16 34 30 




79 23 68 49 70 61 
GO:0006091 
generation of precursor 
metabolites and energy 
25 4 24 14 21 18 
GO:0006259 DNA metabolic process 22 5 22 17 29 20 
GO:0006397 mRNA processing 2 1 2 1 3 2 
GO:0006399 tRNA metabolic process 7 2 5 3 3 6 
GO:0006412 translation 11 4 11 6 8 9 
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87 30 82 62 78 66 
GO:0006520 
cellular amino acid 
metabolic process 
41 6 33 22 29 33 
GO:0006605 protein targeting 46 14 43 31 46 38 




31 4 24 23 30 25 




11 0 3 1 2 1 
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26 7 24 11 28 16 
GO:0007034 vacuolar transport 4 1 1 1 2 1 
GO:0007049 cell cycle 30 8 27 17 25 21 
GO:0007059 chromosome segregation 6 2 9 3 8 8 
GO:0007067 mitotic nuclear division 3 0 4 2 4 3 
GO:0007155 cell adhesion 6 2 4 2 7 7 
GO:0007165 signal transduction 125 34 91 75 102 83 
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GO:0007267 cell-cell signaling 4 0 4 3 5 4 
GO:0007568 aging 13 4 8 5 11 8 
GO:0008219 cell death 38 12 36 33 48 39 
GO:0008283 cell proliferation 17 2 9 6 9 7 
GO:0009056 catabolic process 92 22 90 60 79 82 
GO:0009058 biosynthetic process 238 58 192 143 208 186 
GO:0009790 embryo development 26 10 21 13 24 35 






















1 0 1 0 0 0 




















7 4 11 3 7 6 
GO:0040007 growth 50 11 37 21 48 36 
GO:0040011 locomotion 1 0 1 2 0 1 
GO:0042254 ribosome biogenesis 4 2 6 2 6 6 
GO:0042592 homeostatic process 23 9 23 20 23 22 









6 0 6 4 7 4 
GO:0048646 anatomical structure 17 5 15 7 14 10 
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23 3 16 16 22 18 
GO:0051301 cell division 23 4 19 12 21 18 
GO:0051604 protein maturation 2 0 3 2 4 5 
GO:0055085 transmembrane transport 29 12 30 11 28 17 








cell wall organization or 
biogenesis 
45 11 43 22 52 45 
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Table S5. Enrichment and annotation of MK-test identified adaptive evolution loci. 
GOID Biological Processes Alpine Dune Headland Tableland 
GO:0048856 anatomical structure development 34 42 53 49 
GO:0009058 biosynthetic process 32 49 92 57 
GO:0006950 response to stress 29 34 53 40 
GO:0000003 Reproduction 26 21 37 37 
GO:0006810 Transport 16 13 41 27 
GO:0006259 DNA metabolic process 14 16 8 5 
GO:0051276 chromosome organization 14 18 11 7 
GO:0007165 signal transduction 13 24 29 14 
GO:0009056 catabolic process 13 29 39 27 
GO:0009790 embryo development 12 8 18 12 
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GO:0044281 small molecule metabolic process 12 20 31 32 
GO:0006629 lipid metabolic process 11 10 9 16 
GO:0007049 cell cycle 11 14 14 5 
GO:0006464 cellular protein modification process 10 33 58 12 
GO:0002376 immune system process 7 12 25 13 
GO:0005975 carbohydrate metabolic process 7 18 16 18 
GO:0008283 cell proliferation 6 9 5 2 
GO:0019748 secondary metabolic process 6 7 12 10 
GO:0051301 cell division 6 12 11 5 
GO:0007010 cytoskeleton organization 5 8 5 6 
GO:0030154 cell differentiation 5 16 13 16 
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GO:0006457 protein folding 4 1 2 0 
GO:0040007 Growth 4 11 13 10 
GO:0042592 homeostatic process 4 1 4 4 
GO:0000902 cell morphogenesis 3 10 9 7 
GO:0006790 sulfur compound metabolic process 3 8 10 6 
GO:0007059 chromosome segregation 3 4 2 3 
GO:0007267 cell-cell signaling 3 3 2 0 
GO:0015979 Photosynthesis 3 1 19 3 
GO:0022607 cellular component assembly 3 7 4 9 
GO:0055085 transmembrane transport 3 2 4 4 
GO:0006461 protein complex assembly 2 6 4 7 
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GO:0006605 protein targeting 2 5 15 7 
GO:0016192 vesicle-mediated transport 2 4 14 5 
GO:0021700 developmental maturation 2 6 2 5 
GO:0034655 nucleobase-containing compound catabolic process 2 3 4 0 
GO:0051186 cofactor metabolic process 2 7 4 7 
GO:0061024 membrane organization 2 3 11 6 
GO:0065003 macromolecular complex assembly 2 6 4 7 
GO:0006412 Translation 1 0 0 2 
GO:0007067 mitotic nuclear division 1 1 0 0 
GO:0007155 cell adhesion 1 3 0 2 
GO:0007568 Aging 1 3 3 1 
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GO:0008219 cell death 1 6 9 5 
GO:0032196 Transposition 1 1 0 0 
GO:0042254 ribosome biogenesis 1 2 7 1 
GO:0006397 mRNA processing 0 0 2 0 
GO:0006913 nucleocytoplasmic transport 0 1 2 4 
GO:0007034 vacuolar transport 0 0 3 0 
GO:0043473 Pigmentation 0 3 1 1 
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SUPPLEMENTAL FIGURES LEGENEDS 
Figure S1. Hybridization detection based on the distribution of the number of 
synonymous substitutions per synonymous site (dS) calculated from close orthologs from all 
possible pairwise comparisons. ECOA, ECOD, ECOH and ECOT stand for Alpine, Dune, 
Headland and Tableland ecotype respectively. 
Figure S2. Population history inference for S. lautus ecotypes. P1, P2, P3 and P4 are 
correspondent to Alpine, Dune, Headland and Tableland ecotype. The topologies (T2 and T3) shown 
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Chapter 5  




Background Genome wide differentiation patterns are fundamental to understanding the 
genetics of adaptation and speciation. Models predicting genomic divergence patterns during speciation 
include ‘divergence-hitchhiking’, and ‘genome hitchhiking’. However, evidence for these models is 
equivocal. A major difference between DH and GH models is the creation of genomic islands of 
differentiation. Although many studies have reported the existence of such islands very few of them 
have evaluated their number and size.  
Results In this Chapter, I used multiple, closely related Senecio lautus population pairs spanning 
the speciation spectrum and geographic distances to study how the geographic context of speciation can 
affect genome wide divergence. Using Restriction site Associated DNA markers I found that the 
number and size of highly differentiated regions between divergent populations are independent of 
their geographic location and habitat. Additionally, islands of differentiation were small, and scattered 
throughout the genome. However, islands of differentiation were shared amongst populations pairs 
found in different geographic locales.  
Conclusion I have found that geographic distance affects the magnitude of genetic 
differentiation between populations, but it does not affect the genomic patterns of differentiation across 
populations. I discuss these results in light of recent theoretical developments of speciation with gene 
flow. The observed genomic divergence patterns could be a result of young and fast adaptive 
divergence followed by recent interruption of gene flow. 
Key words 




To understand speciation one must understand how reproductive isolation evolves between 
populations (FEDER et al. 2012). There have been multiple efforts to reveal the traits related to 
adaptation (SCHLUTER 2001; FEDER et al. 2005; RUNDLE and NOSIL 2005; SCHLUTER 2009) and 
speciation and in identifying genes contributing to reproductive isolation (WU and TING 2004; 
PRESGRAVES 2007; RIESEBERG and BLACKMAN 2010; NOSIL and SCHLUTER 2011). However, we still 
know very little about how genome-wide patterns of differentiation evolve during population 
divergence. In the past, this was beyond the capacity of studies examining divergence in a few loci. 
However, the advent of new sequencing technologies has opened the door to study genome-wide 
divergence patterns. In organism with whole genome sequences or with access to a linkage map, today 
it is possible to investigate the nature of genes and genomic regions contributing to divergent 
adaptation and isolation. Further, it is possible to elucidate the distributions of genes and loci involved 
in population divergence. For instance, it is possible to scan for genomic regions showing exceptionally 
high levels of differentiation and thus allow estimate the number, size and distribution of candidate loci 
contributing to local adaptation or speciation (FEDER et al. 2013b). These approaches ultimately will 
help to define the evolutionary processes facilitating or constraining divergence.  
Speciation with gene flow (e.g., populations in parapatry) is an ideal scenario for studying 
genome wide divergence patterns. Because selection and gene flow (recombination) have antagonistic 
effects on population divergence, they shape genome divergence patterns by creating both homogenous 
and differentiated regions. In contrasts, in isolated (allopatric) populations, which diverge without the 
homogenizing effects from gene flow, divergence accumulates similarly across the whole genome, both 
as a result of selection and genetic drift.  
To predict genomic divergence patterns of divergence-with-gene-flow, two models of speciation 
have been proposed recently. The first one is called ‘divergence hitchhiking’ (henceforth DH) (VIA 
2012) model, which posits that directly selected loci can reduce gene flow in physically linked regions 
and increase differentiation even in neutral sites (VIA and WEST 2008; VIA 2009).  The second one is 
called ‘genome hitchhiking’ (henceforth, GH) model, which is defined by genome-wide reduction of 
effective gene flow and recombination rates (FEDER et al. 2013a; FLAXMAN et al. 2013).  
DH and GH are not mutually exclusive, but rather they are predicted to operate sequentially or 
simultaneously to facilitate speciation with gene flow. This issue has been conceptualized in a four-
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phase-model of speciation with gene flow (FLAXMAN et al. 2013) where relative contribution of DH 
and GH varies across different phases of divergence. Although few loci under direct selection (DS) 
characterize the initial stages of speciation in all models, as divergence increases and populations move 
toward later phases, new mutations, even only with weak selection advantage, can contribute to the 
creation of genomic island of differentiation and eventually to their spread across the entire genome. 
Importantly, reaching the GH-dominated phase is argued to be crucial for speciation with gene flow 
(FEDER et al. 2011; FEDER et al. 2013a) as all selected sites are “coupled” to form a genomic barrier to 
gene flow  (FLAXMAN et al. 2013). In other words, any other genetic differences that would normally 
be eliminated by gene flow now can accumulate and possibly lead to the evolution of other forms of 
reproductive isolation.  
There have been some observations supporting the role of DH in the process of divergence and 
speciation.  In host races of pea aphids and in ecotypes of whitefish, large regions of differentiation 
were found (VIA 2009; RENAUT et al. 2012; VIA 2012; GAGNAIRE et al. 2013). Similarly, genomic 
clustering of divergent loci was reported in stickleback and butterfly genomes (CONSORTIUM 2012; 
HOHENLOHE et al. 2012; JONES et al. 2012). However, there is also evidence against the DH model. For 
instance, several studies have found highly differentiated loci distributed across the genome rather than 
restricted to certain regions (HANCOCK et al. 2011; STRASBURG and RIESEBERG 2011; ELLEGREN et al. 
2012).  Although these and other examples (TURNER et al. 2005; VIA 2009; HOHENLOHE et al. 2012; 
RENAUT et al. 2012) report the existence of islands of genomic differentiation, their causes remain 
unclear potentially due to low-resolution of genome scans and the lack of allopatric controls (NOSIL et 
al. 2009; FEDER et al. 2012; RENAUT et al. 2012).  
To estimate the effects of gene flow on genome divergence patterns, I compared genomic 
differentiation across the genomes of two repeatedly and independently evolved Dune and Headland 
ecotypes of Senecio lautus. The Senecio lautus complex consists of multiple ecotypes as a consequence 
of a diverse and recent (250-500ky) radiation (RODA et al. 2013). A recent study has suggested that the 
initial divergence of the species complex was accompanied by gene flow (RODA et al. 2013). The wide 
geographic distribution of this species and the repeated occurrence of geographically adjacent 
(parapatric) Dune and Headland ecotypes offer us an opportunity to study genomic divergence with 
gene flow under different geographic contexts. Additionally, this system also allows us to do multiple 
comparisons using both allopatric and parapatric populations. Therefore, a sufficient level of 





The S. lautus species complex is a group of groundsel showing recent radiation and colonized 
multiple habitats in Australia and New Zealand (ORNDUFF 1964; ALI 1966; ALI 1969; RADFORD et al. 
2004; THOMPSON 2005; RODA et al. 2013). In this study leaves samples were collected for 11 
parapatric and 9 allopatric Sand Dune and Rocky Headland ecotypes (populations) pairs, as shown in 
Figure 1. For all the parapatric pairs used in this study, no pairwise distance is greater than 11 Kms. 
While for the allopatric pairs, none partners are less than 47 Kms as far away from each other.  
Sequencing and Variation identification 
I used RADseq based pooling sequencing to genotype each population. Specifically, RAD tag 
libraries of pooling samples (26.25 ± 4 samples per pool) was prepared by fragmenting the genomes of 
all samples using a methylation sensitive restriction nuclease Pstl to preferentially target gene rich 
regions. Genomic libraries were then sequenced with Illumina Genome Analyzer II for 69 bp single-
ended read sequences.  Raw reads were filtered based on single base quality (Phred Score less than 20, 
i.e., error probability greater than 1% were dropped). To detect variations, especially SNPs (single 
nucleotide polymorphisms, SNPs), I mapped RADseq reads to S. lautus gene space (i.e., gene rich 
genomic regions) draft using BWA (LI and DURBIN 2009) and called variations using SAMtools (LI et 
al. 2009).  I then followed Popoolation2 (KOFLER et al. 2011), a pipeline adapted for NGS pooling 
sequencing variation frequency estimation to calculate FST and do Fisher Exact Test (FET), which are 
parameters to measure genetic differentiation. 
Defining ‘Outliers’  
Outlier SNPs were defined as those SNPs with significant (P<=0.5) Bonferroni-corrected Fet and 
fall within the top 2.5% FST value distribution (RODA et al. 2013).  
Data analysis 
Patterns of genomic differentiation in parapatry and allopatry 
As the first step to understand the effect of geographic context on genome divergence, I 
calculated the average genomic differentiation for all parapatric and allopatric populations. I performed 
an Analysis of Variation (ANOVA) using the mean FST of each comparison. To know if the extent of 
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differentiation in general under two contrast geographic scenarios, if exists, is simply driven by the 
outlier SNPs, I also did the ANOVA analysis with only the FST values for the outlier SNPs. 
Determine the distribution of outlier SNPs 
To visualize the distribution of highly differentiated regions in the genome of S.lautus, I mapped 
the Gene-Space drafts onto the linkage map using Blastn and positioned the correspondent SNPs. I then 
assessed the distribution of the SNPs with top 2.5% FST values. This approach is quite straightforward 
and can avoid statistical power bias by choosing a fixed FST threshold value (RENAUT et al. 2012). 
Except for the single outlier SNPs, I also explored the distribution of regions with mean FST greater 
than genome wide mean FST. I did this through a sliding window analysis with a window size of 50 cM 
and a step size of 10 cM. Windows having average FST values higher than genome-wide average FST 
are defined as highly differentiated regions. I also used window size of 1 and 2 cM to count the number 
of outlier SNPs and total number of SNPs. For each of these windows, to decide if it contains 
significantly more divergent sites than expected based on the whole genome proportion, I did a random 
sampling with replacement for all genomic regions with the same number of SNPs and calculated the 
proportion of outlier SNPs. I repeat it for each region 1000 times. This bootstrapping process provides 
a null distribution of expected values for each region. The proportions of bootstrap distributions 
exceeding the calculated values can be used as the significance values (P).  
The sliding window approach is expected to find highly differentiated regions, but it may fail to 
detect smaller clusters. Therefore, I also adopted autocorrelation statistics to assess the overall 
clustering of loci across the genome.  
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RESULTS AND DISCUSSIONS 
Overall differentiation between parapatric and allopatric populations 
To assess the overall extent of divergence under different geographic contexts, I performed 
ANOVA analysis using mean FST values for each pairwise comparison. The results show that in 
general allopatric populations have higher divergence than parapatric ones (F(1,20) = 5.738, p=0.028, 
R
2
=0.24; shown in Figure 2 (A)). To decide if this pattern is driven simply by outlier FST values, I 
performed the same analysis using only outlier FST values. This reveals the same pattern with allopatric 
comparisons showing higher level divergence (F(1,20) = 5.6, p=0.029, R
2
=0.24; indicated in Figure 2(B)). 
This suggests that the overall divergence level is dependent on the geographic distance. In addition, 
when plotting the average FST against the linkage map location, the patterns also show up as allopatric 
comparisons ride over the parapatric ones (as shown in Figure 2 (C)). All these patterns suggest that the 
divergence level is influenced by gene flow.  
Patterns of genomic differentiation in parapatry and allopatry 
I performed a preliminary sliding window analysis with window size of 5cM and step length of 1 
cM. The number and size of genomic divergence islands Results are shown in Table 1. I averaged the 
FST values of each window and drew windows having FST falling into the top 2.5% of these averaged 
FST distribution out to represent highly differentiated genomic regions. The results are shown in Figure 
3. The general patterns of parapatric (Figure 3. (a)) and allopatric (Figure 3. (b)) comparisons look very 
similar, with potentially overlapped divergent regions recognizable according to recombination rates 
based coordination (two samples t-test: t = 0.0778, df = 18, p = 0.9389).  A more broad scale sliding 
window analysis, with window length of 50cM and step length of 10cM was performed. The islands 
distributions are shown in Figure 3(c) and Figure 3(d). I still could not find different patterns between 
allopatric and parapatric populaitons (t=1.6931, df=12.96, p = 0.1143). This result contrasts the 
prediction made from DH models, under which a few large highly differentiated genomic regions are 
expected to show up. Even though both geographic comparisons show similar patterns across the 
genome, parapatic populations tend to have more heterogeneous divergence than allopatric ones. This 
should be a consequence of joint effects of selection and gene flow, which elevate divergence at 
selected loci while homogenize regions permeable to gene flow.  
Spatial autocorrelation among divergent loci 
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The investigation of overall clustering of loci with spatial autocorrelation is necessary for 
identifying small clusters of outlier loci and will thus complement the highly differentiated regions 
detected via sliding window approach. The Spatial AutoCorrelation analyses statistics were calculated 
and shown in Figure 4. It demonstrates that for both allopatric and parapatric comparisons, the location 
effect of divergence is similar. For some comparisons from both categories, no autocorrelation could be 
found which means results from sliding window analysis are very reliable.  
CONCLUSION 
Patterns of genomic divergence can help distinguishing the processes affecting genomic 
divergence. In this study with the analyses and results that I have achieved, the major findings are: 1) 
allopatric pairwise comparisons show higher differentiation than parapatric comparisons; 2) similar 
patterns of genomic divergence for both parapatric and allopatric comparisons; 3) more heterogeneous 
divergence patterns in parapatric compassions.  The second finding is in contrast to predictions 
deduced from DH model, which predicts a few large and highly differentiated genomic regions 
underlying the process of speciation with gene flow. Considering the fact that the parapatric 
populations sharing closer phylogenetic relationship together with the third finding I propose gene flow 
at the initial stage of differentiation of parapatric populations, followed by ecological adaptation driven 
by natural selection to explain this seemingly contradictory divergence patterns. This also implicates 
that the time of gene flow involved in the speciation process is an important consideration. Taking into 
account short divergence time among even more phenotypically divergent ecotypes, I would expect 
that all the populations used in this study have experienced fast adaptive radiation. The observed 
similar patterns of genomic divergence for populations evolving under these two contrasted geographic 
contexts can be a result of recurrent gene flow. More likely, it simply reflects young and rapid adaptive 
radiation before DH model predicted genome differentiation patterns can show up. Future work on 
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Table1. Mean FST and island size between comparisons. H and D represent Headland and Dune 
ecotypes. The results were calculated using sliding window size of 5CM and at a step length of 1cM. 




Mean size of 
Islands (cM) 
H00D00 0.14 73 3.11 
D01H01 0.16 75 3.07 
D03H02 0.07 73 3.11 
D04H05 0.11 59 3.05 
D12H14 0.14 69 3.04 
D14H15 0.10 61 3.08 
D20H27 0.12 70 2.99 
D23H21 0.06 71 3.11 
D30H28 0.10 79 3.08 
D32H12 0.09 71 3.07 
D33H30 0.12 84 3.01 
D00H01 0.16 73 3.12 
D01H02 0.08 79 3.02 
D03H05 0.15 70 3.04 
D04H14 0.16 65 3.10 
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D12H15 0.13 63 3.24 
D14H18 0.19 77 3.05 
D20H21 0.13 73 2.96 
D15H12 0.06 62 3.10 
D32H30 0.11 81 3.03 
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FIGURES AND LEGENDS 
Figure1. Geographic distributions of samples used in this study.  Samples locations are 
shown along South and East Australia coast. These samples are geographically adjacent (parapatric) 
Sand Dune (D) and Rocky Headland (H) ecotypic pairs. I defined respective ecotypes separated by at 
least 47Kms as allopatric and used them as controls to in contrast to parapatric comparisons. The 
accompanies phylogeny was derived from RADseq markers by (Roda et al., 2013), which shows a 
phylogenetic clustering of populations resembling that of geographic distribution, implicating gene 
flow between parapatric pairs and repeated adaptation to similar coastal environments. 
Figure2. Overall genomic divergence in parapatry and allopatry. The horizontal axis is the 
log transformed geographic distance, the black dots stand for allopatric pairwise comparisons and the 
red ones are paprapatric comparisons; (A). Overall divergence quantified using average FST of each 
pairwise comparison; (B). Overall divergence comparisons done with only outlier FST values; (C), 
Average FST mapped against linkage map location, where the horizontal axis represents the linkage map 
location and the vertical axis represents average FST values of all SNPs mapped to the same location. 
Figure3. Sliding window analysis. To investigate the general patterns of genomic divergence 
between two speciation scenarios (a: parapatric v.s. b:allopatric), I ran a sliding window analysis with 
window size of 10cM  and step length of  2cM across the genome (x-axis stands for accumulative 
recombination rates). I also increased the window length to 50cM and step length to 10cM in order to 
see if the divergence patterns differ at larger scale. The FST values (the vertical axis) of each window 
was averaged and sorted. Windows with mean FST values falling within the top 2.5% were defined as 
highly differentiated regions. 
Figure4. Spatial autocorrelation analysis. To assess the clustering of highly divergent loci, I 
performed spatial autocorrelation analysis. An autocorrelation value of 0 indicated random distribution 
of highly divergent loci. Autocorrelation plot for the first lag interval, k=1 in allopatry and parapatry. 
Each point in the graph represents the average autocorrelation value of k=1 for each population 
comparison. Fenced lines represent mean of means and corresponding S.E. for each type of population 
comparison. Note for results: The number of autocorrelation lags (10, 50, 100, 200) and forecast 
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This study has been carried out to develop genomic resources for a good ecological speciation 
model species – Senecio lautus, which has been identified across Australia and showing adaptive 
divergence toward different natural environments. In addition, the PhD work also involves utilizing 
the genomic resources to improve our understanding of the genetic basis of adaptation and 
speciation is another endeavor.  
This lab-free work is enabled by the development of next generation sequencing (NGS) 
technologies, which can easily outsource large amount of sequence data. This ever-increased 
capacity of data production provides ‘muscle’ to ecologists and evolutionists, who have good 
knowledge of the natural populations (especially the tremendous diversified plant species) of non-
model organisms. This has also brought about a new discipline – ‘evolutionary and ecological 
functional genomics, which focuses on the gene that affect ecological success and evolutionary 
fitness in natural environments and populations (FEDER and MITCHELL-OLDS 2003). Some inter-
disciplinary studies have benefited from NGS include adaptation genomics and the screening whole 
plant communities across environmental gradients (STAPLEY et al. 2010; THOMPSON et al. 2013), 
community genomics to understand the ecology and evolution of interactions among species within 
the same community (HERSCH-GREEN et al. 2011). Over the past two years, we have seen a burst of 
genome sequences from non-model organisms with more or less pronounced goal of studying 
ecology and evolution at the genome level. These have shaped up excellent ‘ecological models’ to 
answer different ecological and evolutionary questions. For instance, the application of NGS to 
study parallel evolution of three-spine stickleback has identified the genomic structure (e.g., 
inversions) that distinguishes different ecotypes and offered insights to rapid adaptation stemming 
from standing genetic variations (JONES et al. 2012). The sequencing of Arabidopsis lyrata has 
detected pervasive selection for genome shrinkage during transition from its outcross mating system 
to selfing in its close relative A. thaliana (HU et al. 2011). Applying NGS to stick insects (SORIA-
CARRASCO et al. 2014), sunflower (RENAUT et al. 2013), flycatcher (ELLEGREN et al. 2012), 
butterfly (NADEAU et al. 2012), and lake whitefish (RENAUT et al. 2012) have demonstrated the 
power of high throughput sequencing to infer genome-wide patterns of divergence during 
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adaptation and speciation in contrast to the traditional way of identifying speciation ‘genes’ through 
interspecific crosses .   
In reality, the application of NGS to non-model organisms often involves construction of 
reference genome or transcriptome, which are the fundamental bases for downstream analyses. In 
an idealized situation, where fund and time are unlimited, researchers would be tempted to sequence 
the whole genome. Even whole genome sequencing (WGS) is realized, NGS data would pose its 
own problems such as genome assembly (usually in de novo approach for non-model organisms), 
annotation, and multiple individuals re-sequencing to detect and distinguish various types of 
variations. In reality, only a few research communities can afford such a task. This is especially true 
in the case of developing genomic resources for non-model plant species because of the redundancy 
of plant genomes, which typically include myriad gene duplications, both recent and ancient (VAN 
DE PEER et al. 2009; JIAO et al. 2011), and the fact that all plants have experienced multiple rounds 
of polyploidy (JIAO et al. 2011). Considering that ecological and evolutionary genomics studies 
often focus on identifying the genes or genetic pathways affecting their phenotypes of interests, 
WGS is a low return on money and time investment given the low proportion of coding genes in 
most genomes (e.g. in humans genome, only 8.2% are functional, with protein coding genes less 
than 2% estimated by Rand et al. (2014)). From this aspect, WGS may be unnecessarily complex 
for specific research questions (GROVER et al. 2012).  
Reduced representation strategy is a beneficial alternative to WGS by promising reduced 
genomic complexity through targeting specific regions of the genome. There are a few strategies 
falling into this category (BAIRD et al. 2008; MAMANOVA et al. 2010; ELSHIRE et al. 2011) that 
have been used to address both intra-specific questions (e.g., phylogeography, gene flow, parentage 
and inter- specific questions) and inter-specific ones (e.g., divergence, phylogenetics, reticulate 
evolution) (GROVER et al. 2012).  
In this thesis, I introduced (in Chapter 2) a strategy of methylation filtration to target the 
hypo-methylated genomic regions, or the gene spaces of S. lautus genome and further reduced 
repetitive elements with normalization enzyme. Even though I have recovered most of genes 
evaluated by comparing with other plant species, the final assembly contains a high proportion of 
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short Contigs (shorter than 500 bp). This situation has not been significantly improved after I tried 
hybridizing results from multiple genome assemblers, including the most recent algorithms taking 
into account diploidity and heterozygosity in the genome. This implicates the difficulty of 
constructing reference genome for non-model organisms with complex genome. Nevertheless, I 
expect to improve the assembly with current sequencing platforms by sequencing more pair-end l 
and mate-pair libraries of varied insert sizes, which have been proved to be extremely useful to 
resolve complex genome assembly (LI et al. 2009; SCHATZ et al. 2012). Nevertheless the 
constructed gene space sequences have be utilized to gain quick access of the functional 
information for the identified genes and genetic pathways that could have potentially contribute to 
adaptive divergence of S. lautus ecotypes (RODA et al. 2013a; RODA et al. 2013b) as well as study 
the genome-wide divergence patterns (as introduced in Chapter 5). 
We also sequenced the transcriptome (RNAseq) of our focal species. Transcriptome reduces 
the sequencing space required as well as the cost of sequencing per sample. We were able to 
sequence multiple populations of different ecotypes. Sequence assembly was conducted in order to 
construct a reference transcriptome for our system. Transcriptome assembly in non-model 
organisms is a complex task owing to gene duplications, genetic polymorphism, alternative splicing 
and transcriptome noise (CAHAIS et al. 2012). We adopted a multiple spectrum strategy (i.e., 
multiple parameter space and multiple assemblers) for this purpose (see Chapter 3). As found in 
other studies, combining results from different assembly algorithms could recover more genes 
(FELDMEYER et al. 2011). However, this approach is likely to produce redundant and even 
erroneous results (NAKASUGI et al. 2014). Since the transcriptome sequences would also be used for 
population genomics, genome duplication events inference, and phylogenomic analyses, it is 
necessary to remove the redundancy, be it from assembly artefacts, alternative splicing or allelic 
polymorphism. To this end, I tried two approaches, i.e., redundancy reduction based on coding 
sequence similarity (implemented in EvidentialGene pipeline by Don Gilbert; 
http://arthropods.eugenes.org/genes2/about/EvidentialGene_trassembly_pipe.html) and 
representative transcripts selection based on expression level and sequence length as introduced by 
YANG and SMITH (2013). I found the former strategy was more likely to remove true coding 
sequences than the latter. When evaluated based on gene family re-construction using simulated 
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data, I found only the latter one could recover the true duplication events. Therefore, we propose 
redundancy reduction according to expression level to be the effective strategy for reference free 
transcriptome assembly for non-model organisms.   
Much of our understanding in evolution (e.g., the evolution of a character, trait, behavior, 
genomic property, species relationships) relies on making comparisons among populations or 
species (GROVER et al. 2012). In Chapter 4, I introduced the population genomics and molecular 
evolution analyses using pooled RNAseq data for four S. lautus ecotypes, which are phenotypically 
different and colonize different natural environments. Since we are interested in the genes and 
genetic pathways involved in phenotypical differences that are correlated to adaptive divergence of 
our focal species, I believe transcriptome sequencing for multiple ecotypes at population level is 
appropriate in this context. Our analyses have detected candidate genes that show differences across 
ecotypes either at expression level and/or at coding sequence level. The functional annotation of 
these candidate genes offers some insights for the observed environmental adaptation and 
phenotypic divergence. For instance, multiple analyses (population genomics, differential gene 
expression and molecular evolution) have identified candidate genes enriched in the following gene 
ontology (biological process) terms: ‘reproduction’, ‘response to stress (biotic or abiotic)’ and 
‘anatomical structure’. These can be correlated to observations in the field. For example, the 
striking difference in phenotypes could be underlined by genes involved in ‘anatomical structure’ 
process. The genes annotated as ‘response to biotic or abiotic stress’ could be true since MELO et al. 
(2014) found different salt tolerance among ecotypes as well as predation mediated extrinsic 
reproductive isolations between the Dune and Headland ecotypes. The enrichment of genes 
involved in the “reproduction’ process is very likely to indicate the fitness differences among 
ecotypes as a result of natural selection. Through cross-examining results of different pairwise 
ecotypic comparisons, I also found more evolutionary convergence at the molecular pathway level 
than at the individual gene level. Except for the identification of genes of interest, we also inferred 
the population history of these ecotypes and found very recent divergence across all of them. This 
implicates S. lautus has been through rapid adaptation. In brief, our analyses with transcriptome 
data have allowed us to identify candidate genes whose can influence plant phenotypes through 
either varying expression levels or coding sequences. 
269 
 
Advances in NGS technologies have also made it possible to unveil the genomic landscape of 
divergence between lineages. This involves identifying the numbers, effect size and distribution of 
loci involved in population divergence (RENAUT et al. 2013). In Chapter 5, I introduced the work to 
unveil the genome-wide divergence patterns of parapatric and allopatric populations using gene 
space assembly, linkage map and RADseq (restriction site associated DNA sequencing) markers. 
We found positive correlation between genetic distance (measure in FST) and geographic distance. 
However, we found consistent genome differentiation patterns across comparisons regardless of the 
different geographic speciation scenarios represented by the populations used in this study. This can 
be expected in the situation of recurrent gene flow among different populations. But we failed to 
find evidence of gene flow based on either field experiment (MELO et al. 2014) or comparative 
analysis. When taking into account the short divergence time among the most phenotypically 
diverged S. lautus ecotypes, genomic divergence patterns observed in this study may reflect young 
adaptive radiation. In another word, evolution has not accumulated enough divergence across the 
genome. 
OUTLOOK 
The ability to obtain extensive nuclear sequence data from large number of loci and 
organisms has been referred to as the “Holy Grail in molecular ecology and evolution” (AVISE 
2010). Now that ecologists and evolutionists have benefited from NGS technologies, lab-free works 
as introduced in this thesis have become increasingly feasible.  
Even though some candidate genes of interest have been identified after genome-wide 
selection scan based on transcriptome or gene space, the function of these genes need to be studied 
at molecular level and phenotypical level, and the selective regimes that work on them in the wild 
needed to be confirmed. This is the only way to understand the genetic underpins of local 
adaptation and speciation. Therefore, we expect future work should be done to at least associate the 
candidate genes with ecologically important traits in terms of the correspondence between genotype 
and phenotype.  
Another topic that can be explored with our organism and the genomic resources that have 
been developed is the relationship between adaptation and the evolution of gene families. Large 
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scale gene duplication events have been hypothesized to correspondent to major evolutionary 
transitions in both animals and plants (VAN DE PEER 2004; DE BODT et al. 2005). This means 
adaptation may happen instead of change in protein coding sequences and expression patterns but 
through duplication of gene networks followed by selective co-option of new genes with new or 
refined functions (CONANT and WOLFE 2006). Transcriptome data has been used to infer lineage 
specific genome duplication events (BLANC and WOLFE 2004; VAN DE PEER 2004; BARKER et al. 
2008). There have been studies shown the adaptive significance of gene duplication (CAPUTI et al. 
2012; KONDRASHOV 2012; ZUELLIG et al. 2014) or gene families expansion (COLBOURNE et al. 
2011; CONSORTIUM 2012; QIU et al. 2012; ZHANG et al. 2012; ZHANG et al. 2013) as well as study 
detecting different evolutionary fates of genes through differential selection after duplication (GUO 
et al. 2013). Therefore, with the available genomic resources, we can try to detect the whole or 
large scale genome duplication events in S. lautus’s evolutionary history and determine the time of 
duplication events so that we can accurately characterize gene family expansions and infer the 
differences in gene content by comparing with other species with well-known gene duplication 
information.  
Local adaptation is the only possible response that living organisms have to cope with 
environmental fluctuations to keep fit and avoid extinction (MANEL et al. 2012). But so far the 
potential of adaptive genetic variation as a rapid response to environmental change is largely 
unknown. Given that the S. lautus has dispersed across Australia and adapted to multiple natural 
environments. It is feasible to combine environmental information and identify loci potentially 
linked to genes or genomic regions showing adaptive response to certain environmental factors, 
such as temperature, precipitation, wind and salt content. This can also tell if species are likely 
adapted to ongoing global change on an ecological timescale.  
I am excited about the application of NGS to non-model plant species, which demonstrate 
diverse phenotypes and traits and harbor valuable genetic variations that are important for 
adaptation and speciation. With the improvement of NGS technologies (higher throughput and 
longer reads), the field of ecology and evolution will add more insights to our understanding of the 
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